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Myriad species are experiencing declining numbers worldwide, yet many de-
tails of the eco-evolutionary responses to population decline remain poorly
characterized in wild species. Rapidly shrinking populations experience loss
of genetic diversity and increased homozygosity from changes in the balance
of genetic drift, mutation, gene flow, selection, and inbreeding. Despite good
theoretical knowledge of the impact of these factors on population genetics,
thorough empirical evaluations in natural populations are scarce because they
demand huge field and laboratory investments. Recent development of next-
generation sequencing technologies now permits discovery and genotyping of
large numbers of genetic markers in any species. Combining genomic data
with long-term demographic and pedigree data from a natural population al-
lows us to explore fundamental questions concerning the population genetic
consequences of declining population size. Here, I describe two bioinformatics
methods for analyzing genomic data and apply these methods to develop sub-
stantial genomic resources for one of the longest-studied endangered species in
the world, the Florida Scrub-Jay (Aphelocoma coerulescens). One method identi-
fies sequences specific to the heterogametic sex chromosome, and another uses
pedigree information to improve single nucleotide polymorphism (SNP) dis-
covery. A population of individually banded Florida Scrub-Jays at Archbold
Biological Station has been studied for more than 43 years, providing an un-
paralleled model for research on the genomics of population decline. I geno-
typed 3,578 individuals sampled through time at 15,416 genome-wide SNPs.
To investigate the impact of regional population decline on our stable study
population, I used 7,404 autosomal SNPs to calculate levels of heterozygosity
and inbreeding. Decreasing immigration over time was correlated with an in-
creasing mean inbreeding coefficient of the birth cohort, and inbreeding was
correlated with higher rates of hatching failure. These results imply that despite
the small and shrinking size of peripheral populations, their small but measur-
able genetic differentiation from the central population may give them a crucial
role in maintaining genetic diversity. This study, which marks the beginning
of a detailed longitudinal investigation of genomics in a wild animal popula-
tion, underscores the vital importance of maintaining gene flow among rem-
nant populations, for the Florida Scrub-Jay specifically, and for other declining
species more broadly.
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CHAPTER 1
WILD PEDIGREES AND GENOMICS: TESTING THE CONSERVATION
GENETICS PARADIGM
1.1 Introduction
In the current global extinction crisis, unprecedented numbers of species are
undergoing severe population declines around the world (Butchart et al. 2010).
Efforts to understand and mitigate this rampant loss of biodiversity have been
guided by a set of population genetic models that predict short-term eco-
evolutionary responses to declining population size (the conservation genetics
paradigm; Ouborg et al. 2006). Decreased population size is predicted to trig-
ger a loss of genetic variation and an increase in homozygosity, which in turn
will decrease both population mean fitness and adaptive potential (Frankham
2005; Willi et al. 2006). This prevailing model has motivated numerous basic
and applied research efforts worldwide, most of which use a handful of neutral
markers to assess genetic diversity and fitness in small populations (Frankham
1996; Ekblom and Galindo 2011). However, it is unclear whether variation at
a few neutral markers adequately represents genome-wide variation or levels
of functionally important genetic diversity (Kohn et al. 2006; Ouborg et al. 2006;
Va¨li et al. 2008; Angeloni et al. 2012). In addition, little empirical evidence exists
to support a relationship between low genetic variation, decreased population
fitness, and loss of adaptive potential (Kohn et al. 2006). Obtaining precise mea-
surements of neutral and functional genetic variation and understanding the
mechanisms by which reduced genetic variation affects population fitness re-
quire studying the genetics of small populations at a genome-wide scale.
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Stochastic processes become increasingly important with declining popula-
tion size, resulting in a loss of variation and increased homozygosity (Hedrick
2001; Ouborg et al. 2006). Additionally, the efficacy of selection is reduced in
small populations, leading to an accumulation of deleterious alleles and re-
duced opportunities for adaptive substitutions (Lande 1988; Lynch et al. 1995;
Hedrick 2001). Maintaining healthy levels of heterozygosity and genetic di-
versity under such conditions requires (a) specific mechanisms for inbreeding
avoidance, and (b) the acquisition of genetic diversity through immigration
(Frankham et al. 2003; Kohn et al. 2006). Reduced genetic diversity and increased
homozygosity should decrease the average fitness of the population (via in-
breeding depression) and ultimately limit a population’s ability to adapt to en-
vironmental change, further increasing its probability of extinction (Frankham
2005; Willi et al. 2006). A number of studies have used neutral markers (e.g., mi-
crosatellites and amplified fragment length polymorphisms) to document de-
creased genetic diversity and increased inbreeding in small populations (re-
views in Reed and Frankham 2003; Leimu et al. 2006), and their results are
routinely incorporated in conservation management plans (Kohn et al. 2006).
However, most genetic studies of declining populations assume that variation
in neutral markers accurately reflects levels of functionally important genetic
diversity, thereby providing a suitable proxy for fitness and the adaptive poten-
tial of populations (Ouborg et al. 2010; Angeloni et al. 2012). To date, the em-
pirical evidence supporting this crucial relationship is limited (Kohn et al. 2006;
Ouborg et al. 2006). Thus, a better understanding of the relationship between
neutral and fitness-related variation is especially important for sharpening our
understanding of the evolutionary processes occurring in declining populations
(Kohn et al. 2006). More generally, a full understanding of the mechanisms by
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which reduced genetic variation leads to lower population fitness requires dis-
entangling the relative impacts of different evolutionary forces at a genome-
wide scale.
Ongoing controversy regarding the utility of neutral markers to predict pop-
ulation fitness stems from two limitations that have inhibited definitive tests of
this assumption: (1) nearly all studies use relatively small numbers of neutral
markers, derived from a small fraction of the genome (Kohn et al. 2006), and (2)
population genomic and quantitative genetic studies aimed at detecting fitness-
related variation are rarely conducted in wild populations with known ecologi-
cal contexts and plausible agents of selection (Stinchcombe and Hoekstra 2008).
Studies conducted in a stable laboratory environment produce overly simpli-
fied models of evolutionary genetic change compared with those conducted in
natural environments (Kruuk et al. 2000; Ellegren and Sheldon 2008). Quanti-
tative trait loci (QTLs) and the fitness of particular genotypes can differ greatly
between laboratory and field experiments (Ellegren and Sheldon 2008). Mea-
suring individual fitness in the wild requires a substantial investment in field-
work, with the best opportunities coming from a limited number of long term
studies of marked and monitored individuals (best known pedigreed vertebrate
populations are wild ungulate and songbird populations in Europe; reviewed
in Kruuk 2004). Until recently, long-term studies in wild populations were
severely hindered by a shortage of genomic resources (Ellegren and Sheldon
2008), but next-generation sequencing technologies now permit simultaneous
examination of neutral variation throughout a genome and direct study of the
genetic basis of fitness (Hudson 2008). This analysis is most informative when
genomic information is combined with ecologically relevant phenotypic data
(Primmer 2009).
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In addition, application of genomic tools to long-term field studies can iden-
tify mechanisms that link levels of genetic diversity and heterozygosity with
variation in fitness at the individual level (Ouborg et al. 2010; Angeloni et al.
2012). A key factor impacting small populations is inbreeding depression - the
phenomenon of reduced fitness in inbred individuals (Frankham et al. 2003;
Ouborg et al. 2006; Angeloni et al. 2012). Inbreeding depression is primarily
caused by increased homozygosity of recessive deleterious alleles, but the role
of overdominant genes is still unresolved (Charlesworth and Willis 2009). The
development of next-generation sequencing tools makes it feasible to localize
and perhaps describe the function of genes underlying inbreeding depression
(Kristensen et al. 2010). Characterizing the precise genetic basis of inbreeding
depression will improve our understanding of how increased homozygosity af-
fects fitness in small populations (Ouborg et al. 2010).
There have been a number of reviews highlighting various issues in con-
servation biology that can be addressed with genomic technologies (Allendorf
et al. 2010; Kohn et al. 2006; Ouborg et al. 2010; Primmer 2009). Here, we focus on
the insights that can be gained by combining genomics with intensively stud-
ied wild populations. By overlaying genotypes onto a large pedigree and an
accompanying demographic dataset, it is now possible to address fundamen-
tal questions in evolutionary and conservation genetics concerning the relative
impact of drift, selection, gene flow, and mate choice on genetic variation and
their consequences for population fitness. In particular, it is now feasible to em-
pirically test the prevailing conservation genetics paradigm in the wild. A more
comprehensive understanding of the theoretical underpinnings of conservation
genetics will likely have broad implications for the study and management of
declining populations all around the world. Below, we propose a five-part con-
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servation genomics research program for comprehensively testing whether and
how reduced genetic diversity predicts a decline in fitness and for providing
insights into the underlying mechanism of inbreeding depression. We then pro-
vide an example of a study system that has sufficient phenotypic and genetic
resources for the described approaches.
1.2 Characterize the genetic architecture of fitness-related traits
A first step in understanding the genetic response to reduced population size
is the identification of genomic regions linked to fitness differences. Regions of
the genome linked to fitness can be found by linkage mapping of fitness-related
traits or separately testing for evidence of selection or associations with survival
in candidate genes for relevant phenotypes. Once these regions are identified,
their contribution to additive and dominance variance can be estimated using
approaches outlined below.
1.2.1 Linkage mapping
Highly refined likelihood-based methods developed by the human genetics
community can be applied to identify the genetic architecture of fitness-related
traits. Linkage mapping requires both phenotypic and genotypic data for mul-
tiple individuals on a pedigree. Phenotypes can include longevity, reproductive
traits such as fecundity, and morphometric measures. Marker density will de-
pend on the mean recombination rate of the organism of interest and should
be high enough to map nearly every meiotic exchange with reasonable accu-
racy. Heterogeneity in recombination rates across the genome means there is
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varying power to detect causal loci in different regions of the genome (Nach-
man 2002). Therefore, the ideal marker density in a particular genomic region
should take into account local recombination rates, and it may be useful to use
a combination of approaches for trait mapping. Pedigree and phenotype data
alone are sufficient for estimating the narrow-sense heritability (h2) of different
measured traits using mixed linear models known as the Henderson “animal
model” (Henderson 1984).
Knowledge of the contribution of genetic factors in determining trait vari-
ance is crucial for understanding the evolutionary processes that shape the ge-
netic variation underlying phenotypic traits. Statistical inference methods can
determine both the location and effect size of genomic regions that harbor vari-
ant alleles affecting measured morphological or life-history traits. A commonly-
used variance components method for linkage mapping is described in George
et al. (2000). First, identity-by-descent (IBD) is estimated between all individ-
uals in the pedigree, which may require trimming the full pedigree into com-
putationally tractable sub-pedigrees. The program PedCut (Liu et al. 2008) can
construct a spanning set of sub-pedigrees that maximize the number of indi-
viduals who share a recent common ancestor given a maximum bit-size limit
(bit-size is determined by the number of individuals and founders). IBD be-
tween individuals can be estimated with a Markov Chain Monte Carlo algo-
rithm on the trimmed pedigrees, maintaining computational efficiency by us-
ing an informative (high minor allele frequency) set of SNPs in low linkage
disequilibrium. Non-parametric multipoint linkage scans can be conducted by
maximum likelihood estimation of variance components. The final step is the
construction of a mixed linear model relating the sharing of genomic regions
to phenotypic covariances and parameter estimation using restricted maximum
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likelihood (George et al. 2000). The statistical significance of a possible QTL is
obtained from the comparison of the likelihoods from a model with a putative
QTL effect and one without. A number of programs have been developed for
multipoint linkage analysis, such as Loki (Heath 1997) and SOLAR (Almasy and
Blangero 1998). The program EMMAX (Kang et al. 2010) can perform finer scale
mapping in regions near identified QTL using association tests that account for
kinship.
1.2.2 Examine candidate regions for associations with fitness
Another approach to identifying fitness-related regions of the genome involves
examining genes with ecologically significant functions. For instance, if dis-
ease were suspected to play a large role in causing mortality in a population, it
would be useful to assess the operation of natural selection on genes involved in
immune function using standard survival analysis. Correlations between can-
didate genes and survival can be tested using Cox proportional hazards models,
accounting for the pedigree and including other possible explanatory variables
(e.g., year, sex, inbreeding coefficient) as covariates (Cox and Oakes 1984).
Combining these two approaches with the latest methods to scan genome-
wide SNP data for regions under selection at deeper timescales (Sabeti et al.
2006; Grossman et al. 2010) will result in a collection of fitness-related mark-
ers. These can serve as foci for further study of recent selection by Selection
Components Analysis. In addition, regions that show no signature of selection
can form an initial set of putative neutral markers, which can be filtered based
on commonly used criteria (e.g., select SNPs in regions far from genes, pseudo-
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genes, middle of introns, etc.; as in Andre´s et al. 2010). These putative neutral
regions can be used in further analysis of stochastic and demographic processes
and as control regions in tests of inbreeding depression.
1.3 Characterize the dynamics of genome-wide variation in a
declining population
Assaying genome-wide SNPs allows an examination of whether patterns of al-
lele frequency dynamics are consistent across the genome, particularly focusing
on the comparison of putatively neutral and fitness-related regions. This tests a
major assumption of conservation genetics - that observed neutral genetic vari-
ation is a suitable proxy for accumulated detrimental variation and lost adap-
tive variation in small populations (Kohn et al. 2006). Considerable progress
has been made in describing neutral variation in small populations, but the dif-
ficulty of identifying variation associated with selection has left unanswered
questions regarding the dynamics of fitness-related variation (Angeloni et al.
2012).
If archived DNA samples exist, then it is possible to test whether recent pop-
ulation declines have resulted in a loss of genetic diversity. Mean heterozygosity
and allele frequencies over time can be estimated from the genotype data. These
observed values then can be compared to expected allele frequency changes
from coalescent simulations of drift under two demographic scenarios (one with
constant population size and one with decreasing population size) using recom-
bination rates obtained from a linkage map.
Recent progress in modeling variation in a population where full genealog-
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ical (pedigree) information is available provides more power to detect selection
(Barton and Etheridge 2011), as the pedigree information allows far more sensi-
tivity for departures from neutrality. Having genotype data for individuals on
known pedigrees will give unprecedented ability to examine and test the role
of random drift in changing allele frequencies. Rather than assuming that there
is some particular sampling process for gametes, pedigrees allow direct obser-
vation of that sampling by comparing allele frequencies between parents and
their progeny over time. Similarly, this full-pedigree approach will provide a
powerful test of whether frequency dynamics are consistent across regions of
the genome (allowing contrasts of neutral versus fitness-related regions). To
determine whether neutral and fitness-related regions have similar dynamics,
test whether a model incorporating both selection and drift is a better fit for
observed dynamics at fitness-related markers compared to a pure drift model.
These approaches will not only determine whether genetic variation has
been lost by drift over time, but also will empirically test the usefulness of neu-
tral markers as a proxy for dynamics of fitness-related variation in a population.
Comparing the patterns of neutral and fitness-related variation will inform fu-
ture conservation genetics projects and provide additional insight into the bal-
ance between drift and selection.
1.4 Determine the role of selection in maintaining variation
Estimating the fitnesses of segregating genotypes in a population is notoriously
difficult owing to the complex manner in which selection can act (Nadeau and
Baccus 1981; Orr 2009). Measurement of net selection based on only changes
in allele frequency measured at just a single stage of the life cycle is insufficient
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(Prout 1965; Prout 1969). Rigorous inference of selection must consider all se-
lection components: zygotic selection, sexual selection, fecundity selection, and
gametic selection (Christiansen and Frydenberg 1973; Nadeau and Baccus 1981;
Christiansen and Prout 2000). Evaluation of all four components requires de-
tailed population monitoring, as observations need to be recorded at four differ-
ent life-cycle stages (Christiansen and Frydenberg 1973). Comprehensive anal-
yses of selection components relies on a tightly defined and hierarchical series
of hypothesis tests on the various fitness components (Table 1.1). The Nadeau-
Dietz-Tamarin selection component analysis (SCA) analyzes all progeny in a
brood to test a hierarchy of independent hypotheses (outlined in Table 1.1) and
has the ability to detect multiple selection components acting simultaneously
(Nadeau et al. 1981).
For the SCA, individuals in the population at a given point in time are di-
vided into five categories: mothers, mother-offspring pairs, progeny, nonbreed-
ing females, and males. Table 1.1 describes the neutral expectations for geno-
type frequencies in the absence of specific selection components. For example,
sexual selection in females is tested by comparing the genotypic frequencies
in breeding and nonbreeding females in any given year. All other hypotheses
are systematically tested in a similar manner. Detailed analysis of the selec-
tion components influencing different genotypes has the potential to provide
an unparalleled understanding of the evolutionary processes operating in this
population. This framework can be used to test for three possible mechanisms
of balancing selection (see below).
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Table 1.1: An outline of the selection component analysis (from Nadeau and
Baccus 1981). Each hypothesis is tested by a χ2 test statistic.
Component Null hypothesis
Gametic selection (males) For families with heterozygous fathers, both paternal alleles
occur in equal frequency
Gametic selection (females) Heterozygous females have 50% heterozygous offspring
Sexual selection (males) Transmitted male gamete frequency equals genotypic fre-
quency of adult males
Sexual selection (females) Equal genotypic frequencies among mothers and nonbreed-
ing females
Fecundity selection Number of offspring similar for females of each genotype
Zygotic selection Adult population same as estimated zygote population (all
individuals have equal survival probabilities)
Random mating Transmitted male gametes independent of genotype of the
mother
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It is also possible to expand the SCA framework, which relies on mother-
offspring pairs, to include the full pedigree. For each genomic locus at each
sampling point in time, the change in copy numbers of the observed alleles
is constrained by the number of descendants each individual leaves. Patterns
of observed copy numbers in the pedigree can be contrasted to null expecta-
tions generated from simulations dropping neutral variation on the pedigree
(MacCluer et al. 1986), This simulation technique, called gene dropping, is a fast
and powerful approach that simulates Mendelian transmission of alleles down
a pedigree given founder genotypes (MacCluer et al. 1986). Sampling proper-
ties of the pedigree are discussed in Barton and Etheridge (2011). Briefly, the
pedigree constrains the possible gene genealogies in a population. The genetic
contribution of an individual can therefore be summarized by its reproductive
value, which is the number of copies of its genes that are transmitted to future
generations conditional on the pedigree (Barton and Etheridge 2011). A selec-
tively favored mutation will be evident by the expansion in copy number of the
haplotype bearing that mutation. This new approach of selection inference is
more powerful than single generation methods, although it provides only in-
ference of net selection effects because it integrates over the distinct selection
components that SCA resolves.
1.4.1 Quantify temporal variation in selection pressures
Temporally-varying selection may play a role in maintaining polymorphism at
a given genotype if the selection components operate differently across years
(Haldane and Jayakar 1963). Given genotypes and detailed population moni-
toring from several different years, perform SCA on each year separately, then
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perform tests of homogeneity through time. If the time homogeneity hypothesis
is not rejected, then there is no evidence for variation in selection components
among years for that genotype.
1.4.2 Identify polymorphisms experiencing age-specific varia-
tion in selection
Selective pressures can vary depending on age; hence the genetic architecture
of fitness may change over an individual’s life cycle. Studies have documented
selection acting in opposite directions on a trait at different life history stages,
and this phenomenon may contribute to the maintenance of genetic variation
in natural populations (Schluter et al. 1991). The SCA framework can determine
whether different selection pressures operate at different life stages on a given
genotype. If detailed survival data exist, individuals can be sorted into different
age classes for a finer analysis of viability selection.
1.4.3 Test the role of sexual conflict in the maintenance of poly-
morphism
Fitness-related loci may be selected in opposite directions in different sexes,
leading to a trade-off that can affect both evolutionary trajectories and the main-
tenance of genetic variation (Foerster et al. 2007). Despite predictions of sexual
conflict theory and laboratory experiments, little supporting evidence exists for
sexually antagonistic genetic variation for fitness in wild populations (Foerster
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et al. 2007). Positive evidence of sexually antagonistic variation in fitness can
be obtained in two ways. (1) Performing linkage mapping for males and fe-
males separately can identify any QTLs that have opposite effects in the two
sexes and negative genetic correlations between the two sexes. (2) Sex-specific
differences in selection can be tested using SCA. In addition to parsing out sex-
specific fecundity, sexual, and gametic selection components, one could analyze
viability selection in males and females separately. This analysis has the po-
tential to identify genotypes that experience different selection pressures in the
two sexes. Finally, examination of the genomic distribution of sexually antago-
nistic loci can test the theoretical prediction that sexually antagonistic variation
should accumulate on the Z chromosome (Rice 1984; Patten and Haig 2009).
Combining sensitive pedigree-based inferences of net selection with the fine-
scale dissection of selection components using SCA can provide a thorough as-
sessment of the role of selection in perturbing allele frequency dynamics in the
population, and more specifically the role of selection in maintaining variation
in the face of population decline.
1.5 Quantify the amount of new genetic variation introduced
via gene flow
In small populations, a single immigrant can restore genetic variation originally
lost to drift and inbreeding in small populations (Ingvarsson 2001; Hartl and
Clark 2007). Individual-based population monitoring that can identify migrants
and document immigration rate allows quantification of genetic migration rates
each year and assessment of the degree to which they are associated with popu-
lation declines as well as extrinsic factors such as weather patterns. With dense
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genetic markers, one could trace the descendants of migrants and compare the
genetic contribution of migrants to the population with that of resident birds on
average or at different regions of the genome. Principal Components Analysis
(Patterson et al. 2006) and STRUCTURE (Pritchard et al. 2000) can quantify the
degree of genetic distinctness of the migrants from the residents. Given an as-
sessment of genetic variants that appear to vary in fitness effects, gene dropping
approaches (MacCluer et al. 1986) can determine the fitness impact of the novel
migrant alleles. Fitting this information into a model for genetic variation can
assess the net importance of migrants by comparing genetic diversity over time
in models with versus without migrants. These approaches can test whether
the contribution of migrants to population genetic variation has decreased over
time.
1.6 Characterize the genetic architecture of inbreeding depres-
sion
Inbreeding is predicted to lead to decreased individual and population mean
fitness (Kristensen et al. 2006). Characterizing the number and location of genes
that affect inbreeding depression would help identify conditions that maximize
purging efficiency (Allendorf et al. 2010). Gene expression differences between
inbred and outbred lines of Drosophila suggest that inbreeding depression is as-
sociated with several genes, many of which are involved in metabolism, stress,
and immune defense (Pedersen et al. 2005; Kristensen et al. 2006; Ayroles et al.
2009). However, these studies only sampled a small portion of the genome and
primarily focused on male fitness (Ayroles et al. 2009; Paige 2010). In addi-
tion, since wild populations have different inbreeding and selection histories
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than do lab-raised populations (Kruuk et al. 2000; Slate 2005; Pemberton 2008),
and inbreeding depression can vary with environment (Slate 2005; Kruuk and
Hill 2008), robust investigations of the genetic basis of inbreeding in the wild
are essential for evaluating the conservation implications of population declines
(Kristensen et al. 2010).
Testing for inbreeding avoidance (disassortative mating; a departure from
random mating) can be done by contrasting genotypes of observed matings to
expectations derived from computer randomizations. Combining detailed de-
mographic data with genetic markers can yield a clear picture of the mecha-
nisms by which inbreeding affects the reproductive fitness of individuals. The
effect of inbreeding on measured phenotypic traits can be screened using animal
models (as implemented in SOLAR). Traits for which the inbreeding coefficient
is a predictor of the trait can be investigated in more detail. Genomic regions
that may be contributing to these fitness effects can be identified using homozy-
gosity mapping, which identifies regions of the genome that are homozygous
in inbred individuals (Lander and Botstein 1987). These methods can identify
genomic regions that contribute to inbreeding depression. Annotation of these
regions can provide additional insight into the pathways involved in inbreed-
ing depression and could clarify whether inbreeding depression is caused by in-
creased homozygosity for recessive deleterious mutations or by overdominant
loci.
1.7 A case study
The research questions described above can only be answered in declining or-
ganisms with well-described natural histories, long-term population monitor-
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ing, and extensive genomic resources. One appropriate study system for test-
ing the conservation genetics paradigm is a continuously studied population of
the Florida Scrub-Jay (Aphelocoma coerulescens; hereafter FSJ), an iconic species
on the U. S. Endangered Species List that has drastically decreased in number
during the past half-century. The 43-year study has amassed detailed life histo-
ries and archived DNA samples for thousands of individuals, and the resulting
12-generation pedigree is one of the most accurate and extensive for any wild
bird species (Figure 1.1; Clutton-Brock and Sheldon 2010). We use the FSJ as an
example of the level of field and genomic resources required for a full charac-
terization of the evolutionary processes associated with population decline.
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Figure 1.1: The full Archbold pedigree featuring 4,911 individuals over 12
generations. Lines show maternal (yellow) and paternal (red) relationships.
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1.7.1 Natural history and demographic resources
The FSJ is the only bird species entirely endemic to Florida, and has one of the
most narrowly restricted ranges in North America. Confined to fire-maintained,
xeric oak scrubs that grow on well-drained sandy soils (e.g., recent or ancient
sand dunes), this non-migratory, cooperatively breeding species is thought to
have once numbered at least 300,000 individuals range-wide (Woolfenden and
Fitzpatrick 1996). Habitat loss from widespread agricultural conversion, resi-
dential and commercial development, and fire suppression has caused exten-
sive population fragmentation and local extirpation. A thorough survey in
1992-93 suggested that the population had declined 97% in 100 years and 25%
in the previous ten years alone. At that time, the total population size was com-
posed of about 10,000 individuals living in ∼3,000 family groups (Fitzpatrick
et al. 1994). The newest statewide survey, completed in 2010, documented fur-
ther decline: the species is now down to ∼6,000 individuals in 2,400 family
groups (Boughton and Bowman 2011). Although common SNPs that were seg-
regating in the initial population are still likely to be segregating in the reduced
population today, this magnitude of reduction has inevitably resulted in a se-
vere loss of rare alleles and of haplotypes.
Intensive study of a FSJ population located at Archbold Biological Station,
near the southern tip of the Lake Wales Ridge (LWR), began in 1969. Signif-
icant tracts of the scrub ecosystem in the vicinity of Archbold have been pro-
tected from development and are managed for conservation (Turner et al. 2006).
The FSJ population in this immediate area remains stable (∼200 family groups
are fully protected by Archbold and surrounding state-owned preserves), but
the surrounding LWR region continues to experience dramatic declines in both
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habitat and jays as the human population increases (FSJ numbers in the LWR
region have declined 85-90% in just 50 years; Boughton and Bowman 2011).
Simulations suggest that a sustained 97% reduction in population size would
reduce species-wide genetic diversity by 97%; reduced influx of novel alleles
into Archbold would result in a similar loss of diversity within a few genera-
tions. Moreover, effective dispersal of FSJs decreases as habitat fragmentation
increases (Coulon et al. 2010), further eroding opportunity for the arrival of new
alleles. Thus, while the local FSJ population at Archbold has been stable, ge-
netic erosion is likely because regional declines have isolated the population
and reduced the influx of genetic diversity by immigration. Despite increased
habitat conservation efforts (mainly land acquisition and prescribed burning),
individual-based population monitoring since 1969 found that immigration into
Archbold has decreased over time since 1990 (Figure 1.2; the apparent increase
in the 1980s is likely due to expansion of good habitat at Archbold caused by
initiation of prescribed burning regimes). Well-documented dispersal curves
based on banding studies (Coulon et al. 2010) suggest that almost all unknown-
origin immigrants into the study area are from nearby territories; numerous
lines of evidence indicate that the dramatic drop in immigration rate reflects di-
minished influx from more distant habitat sources, a result that has been exactly
mirrored in a nearby suburban study area (Bowman, unpubl. data).
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Figure 1.2: Mean proportion of breeders that are unknown-origin immi-
grants, in five-year increments. Immigration into Archbold has decreased over
the past 20 years.
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This study population of FSJs provides an unparalleled model for research
on the genetics of fitness in the wild, making the FSJ a prime candidate for a
conservation model species. Since 1969, every nestling and immigrant has been
uniquely banded, and a complete census is conducted each month. The FSJ
is highly sedentary, so a large proportion of surviving offspring breed within
our 80-territory study area. Surviving offspring remain in the family group
for at least one year before leaving home, and all adults remain attached to a
neighborhood once they become breeders. As a result, mortality of both juve-
niles and breeders is documented directly and precisely by monthly censuses,
providing exceptionally accurate data on individual lifespans (Woolfenden and
Fitzpatrick 1984; Woolfenden and Fitzpatrick 1996). FSJs are genetically monog-
amous (Quinn et al. 1999; Townsend et al. 2011); therefore field observations
alone provide all information necessary to construct accurate pedigrees. Ev-
ery nest within every family-group is monitored (for clutch sizes, nestlings,
and fledglings), producing fully documented annual fecundity and lifetime fit-
ness measures for all birds of known age (Table 1.2). Morphological traits are
recorded for each individual at each key stage (nestling, independent, adult; Ta-
ble 1.2). From 1988 to 1995 and every year since 1999, blood is sampled from
every nestling and immigrant recruited into the population. Blood samples and
high-quality extracted DNA aliquots are stored in separate archives for 4,017
jays with known-parentage and full demographic history. The largest pedigree
includes 4,420 individuals and is 12 generations deep (Figure 1.1). Relevant
ecological data include annual habitat composition of every FSJ territory, daily
weather records, annual or monthly measures of food availability, monthly in-
dices of predator abundance, and detailed spatial history of fires.
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Table 1.2: List of measured phenotypes in the Archbold population. Viral
antibody titres were only collected from 2007 onwards.
Category Phenotype Longitudinal measure
Life history Lifespan, Annual fecundity, Lifetime fecun-
dity (#eggs through to #grand children), Age
at natal dispersal, Age at first breeding,
Breeding lifespan, Nest phenology, Nest site
attributes, Habitat preference, Clutch size
Morphometrics Tarsus length, Tail (6th retrix) length,
Wing (7th primary) length, Bill
length/depth/width
Day 11, Day 85, subse-
quent captures
Body condition Mass, Viral antibody titres Day 11, Day 85, subse-
quent captures
Fat content, Ectoparasite load, Microfilaria
load
Day 85, subsequent cap-
tures
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Realized lifetime fitness varies widely in the study population, and has been
shown to be heritable (Fox et al. 2006; Chen and Van Hout unpubl. data). Only
about 35% of fledglings survive to age 1, and of those that become breeders, life-
time reproductive success in both sexes is correlated with lifespan (Figure 1.3;
Woolfenden and Fitzpatrick 1991). Natural environmental elements affecting
individual survival include a suite of vertebrate predators, four arboviruses,
two protozoan blood parasites, and an array of endoparasites (Kinsella 1974;
Garvin et al. 2004), including microfilaria, which correlates with juvenile sur-
vival (Robbins and Boughton unpubl. data).
The FSJ is one of the longest-studied endangered species. This wealth of
environmental, demographic, and morphometric data from a population with
known genealogy is crucial for thorough evaluation of basic population and
conservation genetics questions regarding the genetic basis of fitness variation
and population genetic responses to declining population size.
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Figure 1.3: Lifetime reproductive success, as measured by total number of
fledglings produced, is correlated with lifespan.
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1.7.2 Genomic resources
Significant genomic resources have been developed for the FSJ. The genome of
an inbred male FSJ has been sequenced to 107x coverage, and the preliminary
assembly has 99,631 contigs and 14,020 scaffolds, with N50s of 24.2 kb and 264
kb respectively. Transcriptomes of a panel of diverse tissue samples from one
male and one female have been sequenced by random-primed RNA-seq. A
de novo assembly of these reads using Trinity (Grabherr et al. 2011) resulted in
32,394 unique transcripts, with an average length of 2.5 kb, and 31% of these
reflect unique one-to-one orthology with transcripts of the chicken. Annotation
of the FSJ genome should be reasonably robust given the high degree of synteny
among extant bird lineages (which increases the usefulness of other annotated
bird genomes; Ellegren 2010) and the transcriptome data. Even these prelimi-
nary assemblies are sufficient to greatly inform the analyses described above.
A genome-wide set of SNPs in the FSJ population was generated by us-
ing a modified protocol for genotyping-by-sequencing (Elshire et al. 2011) to
sequence 107 individuals in 28 families. Spurious SNPs were filtered with
a probabilistic, reference-free pipeline that takes advantage of known fam-
ily relationships among individuals to perform statistical tests of consistency
with Mendelian inheritance (Chen et al. 2014). Illumina custom iSelect Bead-
Chips (http://www.illumina.com/applications.ilmn) were designed for a set
of 15,000 high quality genome-wide survey SNPs, and all individuals in the
sample archive (from 1988-2012) were genotyped. This dense genotyping is ex-
pected to be sufficient for measuring recombination with high resolution based
on average recombination rate estimates in Zebra Finch. Genotype data com-
bined with available pedigree and demographic data permit a number of differ-
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ent analyses investigating the population genetic processes affecting patterns of
neutral and fitness-related variation.
1.8 Conclusions
We now have the potential to combine genomics with theoretical population ge-
netics, conservation genetics, and exceptionally well-studied field biology sys-
tems. The application of genomics to long-term demographic studies allows a
comprehensive investigation of patterns and processes affecting genetic varia-
tion at a genome-wide scale in the wild. It is axiomatic in conservation that pre-
serving genetic variation is important, but with modern genomic technologies
we finally can test the validity of this assumption. Specifically, testing whether
neutral marker variation presents an accurate proxy for variation at functionally
important regions of the genome is crucial for informing future conservation ef-
forts and policies. We provided guidelines on how to identify fitness-related
regions of the genome and investigate whether genetic variation at different re-
gions of the genome has been lost over time due to drift and reduced gene flow.
Conservation genomic studies can also investigate the maintenance of variation
by selection and characterize the genetic architecture of inbreeding depression.
Each of the described approaches focuses on a particular evolutionary process
that influences population genetics. The larger picture of how genetic varia-
tion is governed in a population involves the interaction of all these forces (plus
novel mutations). Incorporating the individual parameter estimates into one
cohesive model will present an unparalleled understanding of the dynamics of
genetic variation in a real-world setting. Achieving such a model is especially
vital in the context of conserving species undergoing range-wide fragmentation
and decline.
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CHAPTER 2
IDENTIFICATION OF AVIAN W-LINKED CONTIGS BY SHORT-READ
SEQUENCING
2.1 Abstract
The female-specific W chromosomes and male-specific Y chromosomes have
proven difficult to assemble with whole-genome shotgun methods, creating a
demand for new approaches to identify sequence contigs specific to these sex
chromosomes. Here, we develop and apply a novel method for identifying se-
quences that are W-specific. Using the Illumina Genome Analyzer, we gener-
ated sequence reads from a male domestic chicken (ZZ) and mapped them to
the existing female (ZW) genome sequence. This method allowed us to identify
segments of the female genome that are underrepresented in the male genome
and are therefore likely to be female specific. We developed a Bayesian classi-
fier to automate the calling of W-linked contigs and successfully identified more
than 60 novel W-specific sequences. Our classifier can be applied to improve
heterogametic whole-genome shotgun assemblies of the W or Y chromosome
of any organism. This study greatly improves our knowledge of the W chro-
mosome and will enhance future studies of avian sex determination and sex
chromosome evolution.
2.2 Background
While whole-genome shotgun and short-read assemblies are rather effective at
reconstructing single-copy euchromatic genes, repetitive regions remain a ma-
jor challenge. Short-read sequencing eliminates issues related to low cloning
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efficiency of interspersed repeats, but the assembly process remains problem-
atic for both repeats and segmental duplications, as high sequence homogeneity
among copies of a given repeat or duplication limit the potential to reconstruct
sequence order (Mardis 2008; Alkan et al. 2011). The inability to assemble repet-
itive regions can also pose difficulties for reconstructing large scaffolds from
contigs (Green 2001), and the resulting gene fragmentation complicates gene
assembly and annotation (Alkan et al. 2011). The assembly of repeats and dupli-
cations therefore remains a major challenge in genome sequencing and is only
possible by focused and concerted efforts (Schueler et al. 2001; Skaletsky et al.
2003).
In species with chromosomal sex determination, the male-specific Y (in
species with XX/XY sex determination) and female-specific W chromosomes
(in species with ZZ/ZW sex determination) present special challenges to whole
genome shotgun assembly. Sex-specific chromosomes are enriched for inter-
spersed repeats and segmental duplications, on which whole genome shotgun
methods perform poorly (Skaletsky et al. 2003). The absence of crossing-over
outside the pseudoautosomal region makes it impossible to take advantage of
the genetic map for scaffolding the assembly (Foote et al. 1992). An additional
hindrance is the lower sequence coverage of the sex chromosomes when se-
quencing heterogametic individuals, which reduces the average length of as-
sembled contigs. Sex chromosomes receive half the coverage of autosomes
when sequencing heterogametic individuals (the strategy used for chicken and
turkey), and just a quarter of the autosomal coverage if sequencing a 50:50
mix of heterogametic and homogametic individuals (the strategy adopted for
Drosophila melanogaster). Even in organisms like Drosophila melanogaster, where
the quality of the whole genome shotgun assembly is extremely high, the Y
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chromosome remains a collection of unassembled contigs (Hoskins et al. 2002;
Carvalho et al. 2003; Hoskins et al. 2007). In the case of humans and chim-
panzee, the Y chromosome assemblies are nearly complete, because these were
sequenced by a painstaking BAC-by-BAC effort (Skaletsky et al. 2003; Hughes
et al. 2010).
There is considerable interest in assembling the female-specific avian W
chromosome, not only to expand our understanding of sex-determination
mechanisms, but also to address many questions about sex chromosome evo-
lution. The exact mechanism of avian sex determination remains controversial:
though the Z-linked DMRT1 gene is required for testis development (which is
consistent with the Z dosage hypothesis), female sex determination may still
involve a dominant, W-linked gene (analogous to Y-linked dominant sex de-
termination in mammals; Ellegren 2000; Smith et al. 2009b). More information
about the W chromosome will contribute to our understanding of the evolution
of female heterogamety as well as the dynamics of sex chromosome degradation
and differentiation (Mank and Ellegren 2007).
The chicken genome, which contains 38 autosomes and a pair of sex chro-
mosomes, was sequenced in 2004 from a single female Red Junglefowl (Interna-
tional Chicken Genome Sequencing Consortium 2004b). About 70% of the het-
erochromatic chicken W chromosome consists of XhoI-, EcoRI-, and SspI-family
repetitive sequences, and some known genes on the W are tandemly duplicated
(e.g., Wpkci Hori et al. 2000), leaving an estimated 10-15 Mb of non-redundant
sequence (Itoh and Mizuno 2002). The chicken genome was sequenced to 6.6x
coverage and assembled from whole-genome shotgun reads, as well as plasmid,
fosmid, and bacterial artificial chromosome (BAC)-end read pairs (International
30
Chicken Genome Sequencing Consortium 2004b). Of the 1.05 Gb of assembled
sequence, only 933 Mb were anchored to a specific chromosome, leaving 121
Mb in unmapped sequence fragments, collectively called chrUn (International
Chicken Genome Sequencing Consortium 2004b). Assembly of the W chromo-
some is especially poor: only 0.5% of the W (based on its estimated size of 50-
55 Mb) has been successfully mapped. To date, only a handful of genes have
been identified on the W: CHD1W (Ellegren 1996), ATP5A1W (Fridolfsson et al.
1998), ASW/Wpkci/HINT1W (Hori et al. 2000; O’Neill et al. 2000), SPINW (Itoh
et al. 2001), SMAD2 (Itoh and Mizuno 2002), UBAP2W/ADO12W (Axelsson et al.
2004), ZNF532W (Wahlberg et al. 2007), ZFRW (Wahlberg et al. 2007), MIER3W,
hnRNPKW (Nam and Ellegren 2008), SSC2W/NIPBLW, and KCMFW (first iden-
tified in Build 2.1 and then cited by Nam and Ellegren 2008).
Given the challenges in producing an assembly of the Y and W chromo-
somes by traditional shotgun-sequencing methods, new tools are required to
identify sex-specific sequences generated by heterogametic shotgun sequencing
projects. Here, we adapt a method devised by Carvalho and colleagues (Car-
valho and Clark 2013) and identify female-specific sequences by contrasting
male-derived, short-read shotgun genomic sequences and unmapped sequence
fragments (chrUn) from the female-derived chicken genome. This method re-
lies on the fact that the W chromosome is female-limited. By sequencing the
genome of the homogametic sex (in our case, the ZZ male) to high depth and
aligning the reads to the genome of the heterogametic sex (the ZW female), we
were able to identify regions of the genome that are underrepresented in males
and are therefore likely to be female-specific.
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2.3 Results
2.3.1 Conceptual framework
Because avian males carry two Z chromosomes, the male genome should not
contain any sequence that is found exclusively on the W chromosome. Thus,
when mapping reads generated from a male (ZZ) back to the shotgun genome
assembly generated from a female (ZW), very few, if any, reads should uniquely
map to segments of the female ZW genome that are W-specific. In particular, ev-
idence that unmapped contigs from the ZW female are likely to be W-specific
derives from their under-recruitment of matches to the reads from ZZ males
(see overview of method in Figure 3.1). This method is similar to the read depth
approaches for detecting copy number variants, which assume a Poisson dis-
tribution in mapping depth and therefore detect duplications and deletions by
searching for regions with significantly higher or lower read depth (Medvedev
et al. 2009; Alkan et al. 2011). Our pipeline relies on the subtraction of the male
genome from the female genome and tests for lower read depth on a contig-
by-contig basis. We summarize alignment results for each contig using both the
number of unmasked bases covered by a read (coverage) and a normalized mea-
sure of total number of reads aligned (read depth; Figure 3.1B). Both measures
should be near zero for W-specific contigs but not for autosomal or Z-linked
contigs (Figure 3.1C).
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A B
C
Autosome
Chr Z
W-specific
Figure 2.1: A novel method of identifying W-specific contigs. (A) The steps
in our classification procedure. (B) Alignment results were summarized by two
statistics: coverage and read depth. If a contig consists of unique sequence (solid
black) and masked repetitive regions (hatched), then coverage is the proportion
of unique sequence covered by a read. Read depth is the number of reads di-
vided by the total possible locations to which a read could map. (C) Predicted
alignment results. Each W-specific contig should have very few male-derived
reads uniquely aligning to it.
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2.3.2 W-specific contigs have distinct coverages and read
depths
We generated roughly 10 million reads from a ZZ individual and mapped them
to the unique regions of the ZW genome. As predicted, the previously-mapped
W-linked contigs had significantly fewer uniquely aligned reads relative to
known autosomal and Z-linked contigs (Figure 3.2). The known W-contigs have
coverage and read depth values near zero: 95% bootstrap CI for coverage is (0,
0.083) and for read depth (2.24x10−6, 0.0139). This was expected because se-
quences derived from a male genome are not expected to map to W-linked con-
tigs. In contrast, male-derived sequences readily align to known autosomal and
Z-linked contigs. Autosomal/Z-linked contigs have non-zero read depths and
coverages: the 95% bootstrap CI for coverage (0.256, 0.293) and for read depth
(0.00862, 0.00992) both are positive. Thus W contigs have significantly different
coverage and read depth values than autosomal/Z-linked contigs (p = 0).
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Figure 2.2: Discrimination between W and non-W contigs based on read
depth and coverage for each contig. Known W contigs are shown in red, known
Z or autosomal contigs are in blue, and unmapped contigs are in gray. Note that
the W contigs (red dots) exhibit very low alignment and read depth to male-
derived sequences. The W contigs form a distinct cluster from the autosomal or
Z contigs. The goal is to classify all the unmapped contigs (gray dots) into one
of two classes: W or non-W.
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2.3.3 Contig length influences alignment results
Due to the stochasticity of the sequencing method, the length of the contig may
affect the distribution of hits along the contig and therefore our prior expecta-
tions of both coverage and read depth. We simulated several genomes, each
with contigs of a different length. Once contig length decreased to 1,500 bp or
less, the probability that an autosomal or Z-linked contig would be misclassi-
fied as a W-specific contig increased exponentially (Figure 3.3). After stringent
filtering, 57% of the remaining 6,905 unmapped contigs are of length 1,500 bp
or less. It is therefore important to take contig length into consideration in the
classification method. Not accounting for the fact that very short contigs have
fewer hits regardless of class would greatly inflate the false positive rate of the
classification approach.
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Figure 2.3: False positive rate as a function of contig length. Here the false pos-
itive rate refers to the fraction of known autosomal or Z-linked contigs with cov-
erage less than 0.10 (the mean 100th quantile for coverage of known W-specific
contigs from the bootstrap replicates).
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2.3.4 Evaluation of performance
We developed a naı¨ve Bayes classifier to determine which of the unmapped con-
tigs are likely to be W-specific. A naı¨ve Bayes classifier relies on a set of training
data to estimate parameters for classification. Thus properties of the training
set may significantly affect the performance of the classifier. We performed sev-
eral different experiments to optimize the classifier. By running cross-validation
tests with the previously mapped contigs, we investigated the effects of train-
ing set size, sample imbalance, and bin sizes of the feature distributions on the
classifier. ROC curves were generated and the area under the curve calculated
for all variations of the method. Increased training set size improved the perfor-
mance of the classifier (Figure 3.4). This result is not surprising: the more data
used to estimate model parameters, the better the classifier performs. Sample
imbalance occurs when there is unequal representation of different classes in a
dataset. Imbalanced datasets can negatively impact the performance of machine
learning algorithms. However, in our case, sample imbalance did not seem to
be a problem: we ran the classifier with different ratios of non-W:W contigs
(from 1:1 to 100:1) in the training set and found no significant differences in per-
formance. Finally, we also tested different variations of the feature probability
distributions. Evaluation of the different bin sizes for discretizing distributions
of coverage and read depth found that the optimal bin size is 0.005.
After optimizing the classifier using known data, the next step was to eval-
uate the ability of the classifier to accurately predict novel W sequences. Our
classifier identified 629 candidate W-specific contigs from the set of unmapped
contigs. We have tested 315 contigs by PCR and confirmed 62 of them as female-
specific (Table A.1). Of these, we found female-specific markers on 51 of the 177
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contigs that had a >95% posterior probability of being W-specific. We used these
results to further evaluate the sensitivity and specificity of our method in inde-
pendent data set tests. In these tests, the contigs of known location were used
to train the data set, and performance of the classifier was evaluated using the
PCR-confirmed set. A series of independent data set tests were used to test the
effects of contig length and sample imbalance on classifier performance. Our
simulations (see above) predicted that contig length should influence classifi-
cation results. To test this prediction, we used contigs of varying sizes to train
the classifier and compared performance on the same validation set of short
(mostly 1 kb) contigs. Classifier performance decreased substantially when >10
kb contigs were used to train the classifier. Contig length does affect classifica-
tion results, which explains why greater accuracy is achieved by conditioning
on contig length (Figure 3.5A). Unlike the results from our cross-validation tests,
sample imbalance had more of an effect in these independent data set tests. Per-
formance improves slightly when the non-W:W ratio is below 10 (Figure 3.5B);
therefore, severely unequal representation of the non-W and W classes affects
the predictive performance of the classifier. However, sampling methods such
as over-sampling the minority class (W) or under-sampling the majority class
(non-W) can achieve better results. Overall, the classifier did not perform as
well in the independent data set tests, most likely due to the high false positive
rate that resulted from insufficient sequence coverage.
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Figure 2.4: Performance of the classifier as a function of number of contigs
in the training set. We ran the classifier with increasing numbers of contigs,
from 50 W and 50 non-W contigs to 200 W and 200 non-W contigs. This was
done by subsetting the mapped contigs 100 times: for each iteration, the set of
training contigs was randomly selected, and the remainder used for validation.
The mean AUC for each training set size is shown. AUC (area under the ROC
curve) is a commonly used statistic for model comparison.
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Figure 2.5: Performance of the classifier as a function of contig length and
training set composition. Here the validation set consists of the confirmed
chrUn contigs, and the training set is a subset of the set of mapped contigs. (A)
Contig length matters. The open circles show results without conditioning on
length; instead, the same validation set was classified using training sets with
different contig lengths (1 kb - 1000 kb). For each contig length, we randomly
selected 200 W and 200 non-W contigs for the training set. This was performed
100 times. The validation set contigs are short (average <1 kb in length), and the
classifier performs better when shorter contigs are used for training. However,
performance is maximized when we condition on length in the classifier (solid
circle). Classifier performance is measured by mean AUC. (B) AUC for differ-
ent ratios of non-W to W contigs in the training set. AUC increases for smaller
non-W:W ratios.
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2.4 Discussion
We present a framework to identify W-specific sequences in the chicken
genome. The approach is generalizable to identify any genomic sequences that
are present uniquely in one sex (e.g., Y or W chromosomes within other ani-
mal species), and is potentially useful for characterizing the genomes of non-
model organisms. Our method is based on the fact that sequences unique to
the W chromosome are not present in the genome of a male. We mapped male-
derived sequence fragments to the genome of a female and developed a naı¨ve
Bayes classifier using the alignment results (summarized by coverage and read
depth). As predicted, contigs specific to the W chromosome had significantly
lower coverages and read depths.
The accuracy of our method can be improved with deeper sequencing. Many
of the false positive contigs probably had low coverages and read depths due to
low sequence depth. We generated 367.2 Mbp of high quality sequence, which
translates to only 0.45x coverage of the masked genome. It is therefore not sur-
prising to find portions of the genome misleadingly underrepresented in the
data set. At half this coverage, 40% of contigs of length 1 kb have very few
reads aligning, making it more difficult to distinguish true female-specific con-
tigs. However, this depth of sequencing was sufficient for proof of concept. We
show that, even at low coverage, the approach was successful at identifying a
focal set of candidate sequences for subsequent verification by targeted PCR.
Unlike traditional sequence mapping methods, our approach is not severely
hindered by the lower sequence coverage of the W chromosome during shot-
gun sequencing of heterogametic individuals. While lower coverage results in
W contigs that on average are shorter in length (and therefore more difficult
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to classify), we greatly improve performance by conditioning on contig length
in the classification method. However, our method cannot fully overcome the
challenges posed by repetitive regions. All interspersed repeats and segmen-
tal duplications were masked out of the genome before performing the align-
ments, thereby eliminating much of the W chromosome from consideration. It
is possible to relax the stringency of the filtering step in further iterations of the
classifier to identify euchromatic repeats that do not resemble genome typical
repeats. Furthermore, this method cannot exhaustively find all non-repetitive
W contigs - it can only detect unique regions specific to the W. Sequences in
the pseudoautosomal region will produce the same read depth as autosomal
regions, and recent gene duplication events may produce W-linked sequences
with enough similarity to autosomal or Z-linked sequence to be represented in
male genomes.
Because our method searches for regions in the male genome that are un-
derrepresented in female-derived genome sequences, any male-specific dele-
tions could lead to an inappropriate assignment of contigs to the W chromo-
some. Deletions in the White Leghorn genome compared to the Red Junglefowl
genome are not an issue because all our PCR validations used males and fe-
males of the same species. Our method would classify a deletion in the White
Leghorn genome as W-specific, but such a region would not show a female-
specific amplification pattern in our PCR validation step. Misclassifications due
to male-specific deletions can be detected by screening a larger set of individuals
and by BAC screening and sequencing.
Despite the limitations of our approach, we were still able to identify more
than 62 new W-specific contigs. Note that this number is an underestimate, as
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contigs that fail to produce a female-specific marker may still be located on the
W chromosome. These new markers will greatly improve the assembly and
annotation of the W chromosome. A more complete annotation of genes on the
chicken W chromosome will accompany the BAC-based sequencing and assem-
bly of the chromosome.
There is particular interest in fully annotating the avian W because the
sex-determining mechanism in birds has yet to be completely characterized.
DMRT1 is known to be required for testis development (Smith et al. 2009b),
though studies on triploid and chimeric chickens suggest there may be a female-
determining gene that interacts with a male-determining locus on the Z (Smith
and Sinclair 2004; Smith et al. 2009a). Evidence supporting the popular W-linked
candidate, HINTW, is mixed: though HINTW is functionally different from its Z
chromosome paralog (Hori et al. 2000), mis-expression of HINTW in male (ZZ)
embryos resulted in normal testes development (Smith et al. 2009a). Further
annotation of the W may unearth other candidate ovary-determining genes.
Sequence information of the W chromosome would benefit several different
evolutionary studies besides avian sex determination, from sex chromosome
evolution to sexual conflict and sex-biased mutation rate (Ellegren 2000). For
example, birds are good subjects for the study of sex chromosome evolution
because different bird groups exhibit parallel divergence of the W as well as
variation in the degree of W chromosome degradation (from a largely undiffer-
entiated state in ratites to a highly degenerate state in passerines; Shetty et al.
1999; Mank and Ellegren 2007). The scope for genetic conflict is increased in
ZW species because the W is expressed in both sexes in the form of maternal ef-
fects, and the accumulation of sexually antagonistic maternal effect genes could
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contribute to the decay of the non-recombining W (Miller et al. 2006). The W
chromosome may be a magnet for female-specific fertility genes. Evolutionary
theory indicates that male fertility genes are expected to be retained on the Y
chromosome because they are free from the influence of selection in females
(Fisher 1931; Roldan and Gomendio 1999). By symmetry, this same evolution-
ary theory leads to the expectation that the W chromosome may concentrate
genes that are uniquely necessary for female fertility (Fisher 1931; Roldan and
Gomendio 1999). Finally, ZW systems may be more appropriate than XY sys-
tems for studying sex-specific mutation rates: while higher mutation on the Y
may be due to male-biased mutation or suppressed mutation on the X chromo-
some to minimize exposure of deleterious recessives in the hemizygote male,
these hypotheses can be distinguished in ZW sex chromosomes (Ellegren 2007).
The availability of more W-specific sequences also facilitates the develop-
ment of additional sex-specific primers for unambiguous molecular sexing tech-
niques. The ability to sex individuals is critical for answering several questions
in evolution and ecology, and morphological identification of sex is often diffi-
cult in birds (Ellegren and Sheldon 1997). The commonly used universal primer
sets for avian molecular sexing depend on length differences between CHD-Z
and CHD-W introns (Griffiths et al. 1998; Kahn et al. 1998; Fridolfsson and El-
legren 1999), which may be problematic in certain species due to CHD-Z poly-
morphisms (Dawson et al. 2001) and heteroduplex molecule formation (Casey
et al. 2009). Thus the new W-specific sequences identified here can help advance
several different avenues of research.
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2.5 Conclusions
Here we describe a novel approach for identifying sequences specific to a het-
erogametic sex chromosome. We performed a proof-of-concept experiment by
aligning shotgun sequence reads from a male (ZZ) chicken to the genome of a
female (ZW) chicken, and our classifier successfully identified >60 confirmed
novel W-specific contigs despite low coverage. We believe that our method
is widely applicable and can benefit future genome assembly efforts. While
there have been significant investments in lowering sequencing costs and in-
creasing sequencing throughput, little investment has been made in techniques
to cope with the limitations of whole-genome shotgun sequencing strategies,
particularly the challenges specific to sex chromosomes: low coverage, resolu-
tion of interspersed repeats and segmental duplications, inability to map, etc.
In addition, de novo assemblies generated using only next-generation sequenc-
ing technologies are especially prone to collapsing segmental duplications and
large repeats (Alkan et al. 2011). The approach described here can quickly iden-
tify candidate W or Y chromosome markers, and these contigs can be extended
by probing BAC libraries. A full assembly of the W chromosome still requires
substantial BAC sequencing efforts, but this method can greatly facilitate the
process of designing W-specific probes. A combination of our method with tra-
ditional BAC screening and sequencing would provide a powerful approach to
assembling the W or Y chromosome in any organism.
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2.6 Methods
2.6.1 Data generation
Genomic DNA was extracted from the blood of a White Leghorn rooster us-
ing the Qiagen DNeasy kit. We generated 10.5 million 36 bp reads using the
Illumina Genome Analyzer (GA-IIx). Duplicate and low-complexity reads were
removed before alignment, resulting in a total of 10.2 million unique and high
quality reads. The sequence data generated in this study have been submitted
to the NCBI Sequence Read Archive (http://www.ncbi.nlm.nih.gov/sra) under
accession SRP008449. We obtained chicken genome sequences (Build 2.1) and
known W chromosome BAC sequences. The chicken genome assembly includes
18 scaffolds mapped to the W chromosome, and 1,044 autosomal or Z-linked
scaffolds. The 25,378 unmapped contigs (chrUn) had lengths ranging from 54
to 48,370 bp. Low complexity sequences and repeats were masked with Repeat-
Masker (http://ftp.genome.washington.edu/cgi-bin/RepeatMasker/). After
removing segments less than 50 bp in length, this resulted in 920.7 Mbp of se-
quence and 20,069 unmapped contigs. However, because our method relies on
the unique mapping of reads, any sequences that occur in multiple locations in
the genome could lead to spurious results. Thus, more stringent filtering of the
reference genome was required. We aligned the masked contigs to themselves
in MUMMER (Kurtz et al. 2004) and masked any duplicate regions larger than
50 bp. After this more stringent filtering step, we were left with a total 823.7
Mbp of unique sequence, with 6,905 unmapped contigs. Reads were aligned
to the masked and filtered reference genome using MAQ (Li et al. 2008). We
allowed some mismatches in the alignment process to account for sequence di-
vergence between White Leghorn and Red Junglefowl (International Chicken
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Genome Sequencing Consortium 2004a). Alignment results were summarized
for each contig using two statistics: coverage and read depth (Figure 3.1B). Here
we define coverage as the fraction of unmasked bases in a contig that is covered
by one or more reads. Read depth is the number of reads aligning to a contig,
normalized by the total number of locations a read could align to that contig.
Our measure of read depth is analogous to the widely used measure of gene ex-
pression, reads per kilobase of exon model per million mapped reads (RPKM).
Because we used only one library, there was no reason to calculate RPKM, which
standardizes among libraries.
2.6.2 Confirmation of predictions
Because a large portion of the initial chicken W chromosome assembly was later
discovered to be misassigned (International Chicken Genome Sequencing Con-
sortium 2004b; Stiglec et al. 2007), we used genomic BLAST to ensure that the W
contigs in our reference genome are representative of W-specific sequence. In
addition, we confirmed any outliers in the initial W-specific set by comparing
features of each W contig to features of the known set of autosomal and Z-linked
contigs. We used 1000 bootstrap replicates to estimate confidence intervals of
mean coverage and read depth for known autosomal or Z-linked contigs, which
were then compared to the coverage and read depth values, respectively, of each
putative W-specific contig. Our method is based on the assumption that very
few ZZ reads should align to W-specific contigs, which as a result should have
significantly lower coverage and read depth compared to autosomal or Z-linked
contigs (Figure 3.1C). To confirm the predictions of our method, we compared
the coverage and read depth for contigs of known location. We used nonpara-
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metric bootstrapping methods to determine whether known W and known au-
tosomal or Z-linked contigs had different distributions of coverage and read
depth. For each of the 1000 bootstrap replicates, we calculated the difference
between the 100th quantile of the W bootstrap distribution and the 0th quantile
of the non-W-specific bootstrap distribution. This difference should be positive
if the distribution of coverage or read depth of autosomal/Z-linked contigs is
distinctly greater than that of W-specific contigs.
2.6.3 Simulations to determine effect of contig length
Because the length of unmapped contigs varied greatly (from 50 to 44,574 un-
masked bp), we tested the effect of length by simulating genomes consisting of
different-sized contigs. Contigs were sorted by length into 500 bp bins. We frag-
mented the mapped portion of the reference genome into contigs of length 500
bp, 1 kb, etc. For each fragmented genome, we redid the alignments and com-
pared the distributions of coverage and read length for W- and non-W-specific
contigs.
2.6.4 Classification approach
We developed a naı¨ve Bayes classifier to identify W-specific contigs. A naı¨ve
Bayes classifier uses a set of training data to calculate the probability that a
given example belongs to a certain class based on a set of features. It simplifies
the learning process by assuming that the features are independent, although
in practice it performs well even if that assumption is violated. We will refer
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to each contig by its feature vector X = (x1, x2), where x1 is coverage and x2
is read depth. The goal is to find the class C that maximizes the likelihood:
P(X|C) = P(x1, x2|C). C can be either W or non-W. Since we assume that x1
and x2 are conditionally independent, we can simplify this conditional prob-
ability to P(X|C) = P(x1|C)P(x2|C). To account for the effect of contig length, we
conditioned on length in the classification method as follows: given a contig
X with length L (rounded to the nearest 500 bp), we rewrite the likelihood as
P(X|C, L) = P(x1|C, L)P(x2|C, L). The training set therefore depends on the contig
length: for contigs of length L, the training set consists of mapped contigs of
length L (see length simulations above). The feature probability distributions
P(xi|C, L) are estimated from the relative frequencies of the appropriate training
set. Both the coverage and read depth distributions were discretized into bins
of equal width. We tested several bin widths: 0.0005, 0.001, 0.005, 0.01, and 0.05.
Thus P(a < xi < b|C, L) is the frequency of contigs of class C with a < xi < b in the
genome with length L contigs + , where  is close to zero. This small sample
correction is necessary because zero probabilities cause information loss. The
posterior probability that a given contig is W-specific is then:
P(C ∈ W |X, L) = P(C ∈ W)P(X|C ∈ W, L)
P(X|C ∈ W, L)P(X|C ∈ nonW, L) (2.1)
2.6.5 Performance
We assessed the performance of our test using Receiver Operating Characteris-
tic (ROC) curves. ROC curves plot the true positive rate and false positive rate
of a classifier over a range of threshold values, and the area under the curve
(AUC) is a traditionally used statistic for model comparison. We generated
ROC curves and calculated the AUC using the package ROCR in the R statisti-
50
cal package (http://www.r-project.org). A series of cross-validation tests using
the previously-mapped contigs was used to fine-tune the bin sizes of classifier
feature distributions and evaluate the effects of training set size and sample im-
balance.
2.6.6 Validation and follow-up
W-specific candidates were verified using PCR. Genomic DNA was extracted
from the blood of two female and two male White Leghorn chickens using the
Qiagen DNeasy kit. Primers were designed for each candidate contig, and am-
plification was attempted in all four individuals (see Table A.1 for primer se-
quences and PCR conditions). If a given contig amplified successfully in both
females but not in either male, then it was considered female-specific. Some
candidates were verified via PCR in two female and two male Red Junglefowl
(UCD 100 Red Jungle Fowl, from M.E. Delany, University of California, Davis).
Primer pairs were scored for their ability to produce bands from both female
templates that differed from the bands produced from both male templates.
Primer pairs with identical results on male and female templates were scored
as non-specific. The validation results were used in additional tests of perfor-
mance. We used independent tests to further investigate the effects of contig
length and sample imbalance on the predictive accuracy of our classifier. Vali-
dated W-specific candidates will be annotated in Bellott et al. in prep.
51
2.7 Acknowledgments
We thank Karel A. Schat for generously providing White Leghorn (N-2 line)
tissue samples, as well as Alex Coventry and Wes Hochachka for helpful statis-
tical discussions. Thanks to Clement Chow, Tim Connallon, Angela Early, and
Scott Edwards for valuable comments on the manuscript. Grace Chi helped
with labwork for some validations. NC was supported by a National Science
Foundation Graduate Research Fellowship. This work was supported in part
by NIH grant R01 GM64590 to AGC and AB Carvalho. This chapter is based
on the manuscript: Chen N., Bellott D.W., Page D.C., Clark A.G. 2012. Identi-
fication of avian W-linked contigs by short-read sequencing. BMC Genomics 13:
183.
52
CHAPTER 3
USING MENDELIAN INHERITANCE TO IMPROVE HIGH
THROUGHPUT SNP DISCOVERY
3.1 Abstract
Restriction site-associated DNA sequencing or genotyping-by-sequencing
(GBS) approaches allow for rapid and cost-effective discovery and genotyping
of thousands of single nucleotide polymorphisms (SNPs) in multiple individ-
uals. However, rigorous quality control practices are needed to avoid high
levels of error and bias with these reduced representation methods. We de-
veloped the first formal statistical framework for filtering spurious loci using
Mendelian inheritance patterns in nuclear families that accommodates variable-
quality genotype calls and missing data - both rampant issues with GBS data -
and for identifying sex-linked SNPs. Simulations predict excellent performance
of both the Mendelian filter and the sex-linkage assignment under a variety of
conditions. We further evaluate our method by applying it to real GBS data
and validating a subset of high quality SNPs. These results demonstrate that
our metric of Mendelian inheritance is a powerful quality filter for GBS loci
that is complementary to standard coverage and Hardy-Weinberg filters. The
described method, implemented in the software MendelChecker, will improve
quality control during SNP discovery in non-model as well as model organisms.
3.2 Introduction
The advent of next-generation sequencing technologies has revolutionized bio-
logical research by allowing the pursuit of fundamental ecological and evolu-
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tionary genomics questions in non-model organisms (Hudson 2008). It is now
feasible to discover genome-wide markers in any species, even if little or no
prior genetic resources are available (Ellegren and Sheldon 2008). However,
many modern studies now require high quality genotypes for tens or hundreds
of individuals. While recent technological advances have significantly lowered
the cost of DNA sequencing, it is still expensive to assay genetic variation in
large numbers of individuals (Narum et al. 2013).
Several methods have been developed to reduce the cost of high-throughput
genotyping by restricting the complexity of the genome. A suite of these meth-
ods selectively sequence regions of the genome near restriction sites, allow-
ing simultaneous discovery and genotyping of thousands of single nucleotide
polymorphisms (SNPs) distributed across the genome. Several variations ex-
ist, but these methods are generally known as restriction site-associated DNA
sequencing (RAD-seq) or genotyping-by-sequencing (GBS; reviewed in Davey
et al. 2011). GBS methods have been used in a variety of applications, includ-
ing phylogenetics (Rubin et al. 2012), population genomics (White et al. 2013),
genome-wide association studies (Parchman et al. 2012), speciation genomics
(Taylor et al. 2014), and genetic mapping (Andolfatto et al. 2011).
A central challenge in analyzing GBS data is the high variation in cover-
age across individuals and across loci, creating uncertainty in SNP calls and
genotype assignments (Davey et al. 2011). In addition to the polymerase chain
reaction (PCR) and sequencing error associated with next-generation sequenc-
ing platforms, this cost-effective method of high-throughput genotyping comes
with its own set of caveats: restriction fragment length bias and PCR GC content
bias contribute to high variation in read depth among loci, and restriction-site
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polymorphism can skew allelic representation and therefore estimates of pop-
ulation genetic parameters (Arnold et al. 2013; Davey et al. 2013; Gautier et al.
2013). Spurious SNP calls may also result from collapsed paralogs or repeats
during de novo assembly of reads into putative unique loci. Most GBS studies
have used a set of heuristic criteria to filter out spurious sites, including read
depth, proportion of missing data, and observed heterozygosity (Davey et al.
2011). While these simple filters are expected to discard most problematic loci
during variant discovery, more sophisticated bioinformatic filtering tools are
needed, especially since validation of large sets of SNPs remains prohibitively
expensive (Narum et al. 2013). Here we present a novel framework for filtering
spurious GBS loci based on a quantitative assessment of Mendelian errors in
nuclear families.
Checking for Mendelian inheritance of genotypes has long been routine
practice for removing genotyping errors in human linkage studies (Sobel et al.
2002), and there are multiple software packages that identify genotyping and
pedigree errors (MENDEL, Stringham and Boehnke 1996; PedCheck, O’Connell
and Weeks 1998; MERLIN, Abecasis et al. 2002; PLINK, Purcell et al. 2007). A
recent study showed that imposing Mendelian inheritance constraints when as-
signing genotypes in parent-offspring trios results in higher genotyping accu-
racy and haplotype inference (Chen et al. 2013). To date, only a handful of GBS
studies have used Mendelian inheritance as an additional filter. Most of these
studies simply discarded any loci with extreme segregation distortion (Miller
et al. 2012; Gagnaire et al. 2013; Ogden et al. 2013). Senn et al. (2013) used an esti-
mate of Mendelian error rate to set a threshold for genotype confidence scores,
but they only considered two cases of Mendelian error and did not incorporate
genotype probabilities or sex-linkage into their estimates. Ignoring sex-linkage
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is problematic because the different inheritance patterns of sex-linked sites may
cause true sex-linked sites to be erroneously discarded as Mendelian errors un-
der an autosomal model of inheritance.
Here we describe the first formal statistical framework that combines geno-
type probabilities with pedigree information to perform a quantitative analysis
of Mendelian violation across sites and pedigrees and calculates the probability
that a given SNP is sex-linked. Instead of focusing on individual genotyping
errors, our goal is to evaluate the quality of putative variant sites during the
SNP discovery process. Although we primarily discuss GBS data in this paper,
our method, implemented in the C++ program MendelChecker, can be applied
to any data set containing probabilistic genotype calls for at least one parent-
offspring trio. The performance of MendelChecker on simulated and real data
sets demonstrates that adding a Mendelian inheritance filter substantially im-
proves the removal of spurious sites during SNP discovery.
3.3 Methods
3.3.1 Checking for Mendelian inheritance:
In diploid organisms, true nuclear genetic variants should follow patterns of
Mendelian segregation in families, assuming no pedigree errors and no novel
mutations in the offspring. In this paper we define Mendelian errors as geno-
types that are inconsistent with their respective pedigree. Because genotyping
errors may create Mendelian errors in otherwise legitimate segregating sites, it
is important to consider genotype probabilities when evaluating Mendelian in-
heritance. We developed an efficient and scalable algorithm that iterates over all
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possible genotypes in all individuals at a given site and calculates the likelihood
of the pedigree given the genotype probabilities. Also, we use these pedigree
likelihoods to evaluate the quality of each site and assign a probability of sex-
linkage for each SNP.
For diploid individuals, there are 10 possible genotypes at each bial-
lelic SNP. Based on the base calls from the sequence reads that overlap
a given site, we assign each individual a vector of genotype probabilities:
(pAA, pAC, pAG, pAT , pCC, pCG, pCT , pGG, pGT , pTT ). Across the sample, only three
genotypes should have non-zero probabilities for biallelic sites. By considering
all 10 genotype probabilities, our method is flexible enough to accommodate
multiallelic sites. We calculate the frequencies of all four alleles (pA, pC, pG, pT )
from the observed genotype probabilities of all the parents (who are assumed
to be unrelated) and impute a vector of expected genotype frequencies in the
population:
Gexp = (pApA, pApC, pApG, pApT , pCpC, pCpG, pCpT , pGpG, pGpT , pT pT ) (3.1)
The statistical framework for our method was adapted from Jurg Ott’s pedi-
gree likelihood (Ott 1974). The classical pedigree likelihood consists of three
components: Pen(Xi|Gi), Prior(G j), and Trans(Go|G f ,Gm). Pen(Xi|Gi) denotes the
penetrance, or the conditional probability that individual i has an observed phe-
notype Xi given an unobserved genotype Gi. Prior(G j) is the probability that
individual j has genotype G j. Let Trans(Go|G f ,Gm) be the probability that two
parents with genotypes G f and Gm produce an offspring o with genotype Go.
The likelihood L of a pedigree with n individuals is:
L =
∑
G1
· · ·
∑
Gn
∏
i
Pen(Xi|Gi)
∏
j
Prior(G j)
∏
{o, f ,m}
Trans(Go|G f ,Gm) (3.2)
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where the product on j is taken over all parents, or founders, and the product
on {o, f ,m} is taken over all parent-offspring trios.
In our case, the “phenotype” of interest is the true genotype; therefore, the
penetrance function is equivalent to Prior(G j). For a nuclear family with s off-
spring, the pedigree likelihood is reduced to:
LA =
∑
Gi
s+2∏
i=1
Prior(Gi)
s∏
o=1
Trans(Go|G f ,Gm) (3.3)
Due to the high sampling variance of GBS data, not all individuals will be geno-
typed at all putative sites. If the genotype is missing for a particular individual,
we substitute the expected genotype frequency (from Gexp) for Prior(Gi). In sit-
uations where the number of founders is too low to reasonably infer expected
genotype frequencies in the population, we allow the option of using a uniform
prior for missing genotypes.
To account for varying numbers of offspring in each nuclear family and vari-
able minor allele frequency (MAF), we normalize the pedigree likelihoods for
the number of informative trios in each family. We do so by dividing by the
likelihood of a completely uninformative pedigree LU , or the likelihood of the
pedigree if the genotype probability vectors for all individuals were Gexp (the
expected genotype frequencies). If there are insufficient unrelated individuals
sampled to accurately estimate population allele frequencies, we can calculate
LU using a uniform prior. We combine individual pedigree likelihoods for all n
pedigrees to obtain a single composite score for each site, M:
M =
n∑
i=1
log
LAi
LUi
(3.4)
Note that our metric for quantifying the degree of Mendelian inheritance,
M, incorporates several factors. The highest scoring sites will have high quality
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genotype calls in multiple individuals, a low rate of missing data, and a large
proportion of genotype configurations consistent with Mendelian transmission.
3.3.2 Assessing the probability of sex-linkage:
Sex-linked sites have different transmission probabilities compared to autoso-
mal sites (Elston and Stewart 1971). Some true sex-linked sites would erro-
neously appear as Mendelian errors under an autosomal model of inheritance.
Thus, for each SNP, we calculate pedigree likelihoods and M under both an
autosomal model of inheritance and a sex-linked model of inheritance. Trans-
mission probabilities for sex-linked sites depend on the sex of the offspring.
Therefore, the likelihood of the pedigree under a sex-linked model incorporates
the sex of each offspring o:
LS =
∑
Gi
s+2∏
i=1
Prior(Gi)
s∏
o=1
Trans(Go|G f ,Gm, sexo) (3.5)
If the sex of the offspring is unknown, we take the average of the male and
female transmission probabilities. We use the combined pedigree likelihoods to
compute the posterior probability that a given site is sex-linked, S , using Bayes’
Theorem:
S =
α
∑n
i=1 logLS i
α
∑n
i=1 logLS i + (1 − α)
∑n
i=1 logLAi
(3.6)
where α is the prior probability of sex-linkage and is estimated as the proportion
of the genome on the X or Z chromosome, and n is the number of pedigrees. To
evaluate each SNP, we first classify the site as autosomal or sex-linked based on
S and then evaluate the SNP with the appropriate M.
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3.3.3 Simulations to assess performance:
We performed a series of simulations to assess the performance of our method
under different scenarios. We used custom Perl scripts to generate genotype
probability vectors for nuclear families of varying offspring number, Mendelian
error rate, proportion of missing data, MAF, and genotype quality for both
sex-linked and autosomal sites. Normalized, Phred-scaled genotype likelihood
scores (similar to the PL field in VCF files) were simulated based on an expo-
nential distribution with means estimated from real data (see below). We used
a mean of 3000, 500, and 100 for high-, medium-, and low-quality genotypes,
respectively. For a high quality site, the most likely genotype was assigned
a Phred-scaled likelihood of 0, the second most likely genotype was sampled
from an exponential distribution with mean 300, and the third most likely geno-
type was sampled from an exponential distribution with mean 3000. Mendelian
errors were introduced by forcing an offspring to have a genotype that would
be inconsistent with Mendelian transmission given the parental genotypes. We
assumed a 50:50 sex ratio when assigning sex to each offspring. Unless other-
wise specified, we simulated 5,000 autosomal and 5,000 sex-linked SNPs with
MAF of 0.05 or 0.25 in Hardy-Weinberg genotype proportions for each scenario
and ran our simulated data through MendelChecker.
To verify the functionality of our Mendelian SNP score, we simulated 10
parent-offspring trios and varied the proportion of the families containing a
Mendelian error from 0 to 1. All SNPs had high genotype quality and no miss-
ing data, allowing us to assess the sensitivity of MendelChecker under ideal
conditions. We first evaluated the extent to which we could assign sex-linkage
from pedigree likelihoods by comparing individual autosomal and sex-linked
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pedigree likelihoods. To determine the robustness of our sex-linkage posterior
probability to the prior, we ran MendelChecker on the same dataset using dif-
ferent prior probabilities of sex-linkage (0.1, 0.5, and 0.9).
Above, we assessed the performance of MendelChecker given a known
number of Mendelian errors, assuming that all sampled trios were informa-
tive. However, in real data, not all genotype errors will lead to inconsistent
pedigrees. To more realistically assess our power to detect spurious SNPs, we
simulated genotyping errors that are consistent with Mendelian transmission.
In these simulations, we introduce spurious sites by simulating offspring geno-
types independent of the parental genotypes, i.e., as if they were unrelated. The
next set of simulations focused on testing the power to detect Mendelian errors
under different genotype qualities, proportion of missing data, and MAF in 10
parent-offspring trios. The full range was tested for each parameter: we varied
genotype quality from low (mean phred score of 100) to high (mean phred score
of 3000), the fraction of missing data from 0 to 1, and the MAF from 0.01 to 0.5.
We examined the influence of sampling scheme by simulating nuclear fam-
ilies of different sizes. First, we assessed performance as we sample increasing
numbers of parent-offspring trios. Then, we held the number of meioses con-
stant and changed the family configuration: we compared results for 10 trios,
5 families with 2 offspring each, 2 families with 5 offspring each, and 1 fam-
ily with 10 offspring. We assessed the power of MendelChecker when samples
include both parents, only the homogametic parent, or only the heterogametic
parent. For these simulations, we generated SNPs with medium to high quality
genotypes and 0-20% missing data.
We estimated the ability of MendelChecker to assign sex-linkage or to de-
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tect Mendelian errors in each scenario by generating Receiver Operating Char-
acteristic (ROC) curves and calculating the area under the curve (AUC) using
the package ROCR (Sing et al. 2005) in the R statistical package (http://www.r-
project.org).
3.3.4 Data collection:
We validated our method using data obtained from a long-studied population
of Florida Scrub-Jays (Aphelocoma coerulescens) from Archbold Biological Station.
Florida Scrub-Jays are genetically monogamous (Townsend et al. 2011); there-
fore we can confidently assume that the pedigrees constructed from field obser-
vations are accurate. We sampled 103 individuals in 27 nuclear families from
1989 and 2008. Genomic DNA was extracted from blood samples stored in lysis
buffer using the Qiagen DNeasy kit. We slightly modified the GBS protocol of
Elshire et al. (2011) to generate multiplexed reduced representation libraries for
Illumina sequencing. Briefly, 500 ng of DNA from each individual was digested
with the enzyme PasI (NEB) before ligation of barcoded adapters. Individual
samples were then pooled and cleaned using a Qiagen Minelute PCR purifica-
tion kit. Libraries were amplified with PCR with short extension times to favor
amplification of shorter fragments (98◦C for 30 s; 18 cycles of 98 ◦C for 30 s, 65◦C
for 7 s, 72◦C for 7 s; 72◦C for 5 min). Final library cleanup was performed with
AMPure XP beads (Agencourt). We generated multiplexed libraries consisting
of 6 to 12 individuals per lane and sequenced 5 lanes on the Illumina GA II (84
and 86 bp reads) and 8 lanes on the Illumina HiSeq 2000 (56 and 101 bp reads).
Three libraries were sequenced twice. Sequencing was done at the Cornell Uni-
versity Biotechnology Resource Center Genomics Facility and the Weill Cornell
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Genomics Resources Core Facility. All sequence data have been submitted to the
NCBI Sequence Read Archive (http://www.ncbi.nlm.nih.gov/sra) under acces-
sion SRP041511.
3.3.5 Pipeline for obtaining probabilistic genotype calls:
Because it is crucial for our downstream analysis to obtain probabilistic geno-
type calls and propagate error throughout the analysis, we created a flexible
analysis pipeline for calling genotypes from GBS data (Figure 3.1). We used
custom Perl scripts to sort the raw reads by barcode into individual files and
trim off adapters and low quality bases. These demultiplexed and processed
reads were all trimmed to 79 bp.
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demultiplex reads by barcode,  remove adaptors
collapse to unique sequences
cluster unique reads into putative loci 
align all reads to pseudo-reference genome 
call SNPs and generate genotype probabilities
trim low-quality bases from 3’ 
end & trim all reads to 79 bp 
Figure 3.1: Overview of our custom pipeline for obtaining probabilistic geno-
type calls from GBS or RAD-seq data.
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To take advantage of well-established software for variant detection and
genotyping in the absence of a reference genome, we generated a “pseudo-
reference genome” that contains all sites in the genome sampled in this reduced
representation sequencing approach. We took the entire set of sequences from
all individuals and collapsed the reads into a set of unique sequences, removing
singletons in the process. We used the program SlideSort (Shimizu and Tsuda
2011) to perform a rapid all-by-all pairwise comparison of all unique reads and
generate a list of all pairs that differ by 10 bp or less. Reads were grouped into
clusters with the Markov Cluster Algorithm (MCL; van Dongen 2000), which
allows the formation of clusters with multiple SNPs. A single sequence from
each cluster was included in the pseudo-reference genome.
We retained and used base quality scores from the original reads. We
aligned the processed reads from each individual to the pseudo-reference us-
ing BWA (Li and Durbin 2009). BAM files were sorted and merged with Picard
tools (http://picard.sourceforge.net) before indel realignment and variant call-
ing with the UnifiedGenotyper in GATK (DePristo et al. 2011). GATK performs
SNP discovery and probabilistic genotype calling across all samples simultane-
ously, which is advantageous because multiple-sample variant calling is more
accurate than calling SNPs in each individual separately (Nielsen et al. 2011).
3.3.6 Validation on real data:
We ran MendelChecker on the resulting VCF file to assess Mendelian inher-
itance. In the 1.2 Gb Zebra Finch genome, the Z chromosome is ∼73 Mb in
length (Warren et al. 2010). Assuming the Florida Scrub-Jay has similar chro-
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mosome sizes as the Zebra Finch, we used a prior probability of sex-linkage of
0.06. Using VCFtools (Danecek et al. 2011), we removed individual low-quality
genotype calls (GQ<20) before calculating statistics about each site. We applied
a series of stringent filters, removing all sites with low mapping quality or read
depth (MQ<35, QD<5) or high levels of missing data (>20%). From this set
of higher-quality SNPs, we either (1) removed sites that deviated from Hardy-
Weinberg proportions in the 50 founders (p<0.001) or had a high proportion of
heterozygote calls (>75%), (2) removed sites with M<-10, or (3) applied both
filters. We selected 1,160 high quality SNPs for genotyping in 96 individuals
using custom Illumina iSelect Beadchips. The genotyping accuracy of iSelect
BeadChips exceeds 99% (Steemers and Gunderson 2007), and here we use these
BeadChip genotypes as our validation set. We calculated genotype concordance
as the proportion of maximum likelihood genotypes from the GBS data that
match the BeadChip genotype calls. All genotype data have been submitted to
dbSNP (http://www.ncbi.nlm.nih.gov/SNP/) under accession numbers NCBI
ss995818232-995820422.
To test the ability of our method to predict sex-linkage, we used a two-step
approach to determine the putative chromosomal location of high quality SNPs.
First, we aligned the pseudo-reference genome (the collection of all sampled
loci) to the Florida Scrub-Jay draft genome (Chen et al. in prep) using BWA. The
Florida Scrub-Jay genomic scaffolds were aligned to the Zebra Finch genome us-
ing standalone BLAST (Camacho et al. 2009) and assigned to putative chromo-
somes based on the best BLAST hit. The robustness of this annotation method
relies on the high degree of synteny among extant bird lineages (Ellegren 2010).
We calculated the AUC value using these chromosomal assignments. All anal-
yses were done in the R statistical package.
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3.3.7 Implementation:
Our method for checking for Mendelian inheritance, MendelChecker, has been
implemented in C++ and is available for download at http://sourceforge.net/
projects/mendelchecker/. Scripts and instructions for our custom pipeline for
obtaining probabilistic genotype calls from GBS data are available upon request.
3.4 Results
3.4.1 Simulations:
We used simulations to (1) verify the accuracy of our quantitative framework for
assessing Mendelian violations and (2) evaluate the performance of our metrics
(S and M) under different scenarios. In the initial verification step, we simulated
SNPs with no missing data and high quality genotype calls in 10 trios with
varying amounts of Mendelian error. As the proportion of families containing a
Mendelian error increases, M decreases. M is lower for SNPs with lower MAF
(Figure 3.2A). For autosomal SNPs, the pedigree likelihood calculated under an
autosomal model of inheritance is greater than the likelihood calculated under a
sex-linked model of inheritance, and vice-versa for sex-linked SNPs (Figure B.1).
Therefore, we can use pedigree likelihoods to calculate the posterior probability
that a given SNP is sex-linked. The posterior probability of sex-linkage is an
accurate classifier. For SNPs with MAF 0.25, AUC values range from 0.99 to
0.91 for SNPs with no Mendelian errors and 5 Mendelian errors, respectively.
As the number of Mendelian errors increases, our ability to distinguish sex-
linked SNPs from autosomal SNPs decreases (Figure 3.2B). We calculated S for
the same dataset using different prior probabilities of sex-linkage and found
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that the AUC values changed by less than 0.002 in all cases. Thus, our model is
robust to the prior for these simulation parameters.
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Figure 3.2: Verifying the assumptions underlying MendelChecker. We simu-
lated 5,000 autosomal and 5,000 sex-linked SNPs for 10 offspring trios and var-
ied the proportion of families containing a Mendelian error, i.e., an error that is
inconsistent with the pedigree. Here we show results for sites with MAF of 0.05
and 0.25. (A) Boxplots for M, our metric of Mendelian inheritance. Results for
SNPs with MAF 0.05 are shown in white, and SNPs with MAF 0.25 are shown
in gray. M decreases as the proportion of families containing a Mendelian error
increases. (B) Performance of the sex-linkage classifier. Here, points indicate
the MAF of the SNPs. The AUC value for S decreases as the proportion of trios
with a Mendelian error increases.
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This first set of simulations used ideal conditions - high genotype quality
and no missing data. However, these conditions are rarely met in real data.
Because the pedigree likelihoods are influenced by genotype quality and pro-
portion of missing data as well as MAF, our next set of simulations explored the
relative contribution of these other factors to S and M. We generated spurious
SNPs by simulating offspring genotypes independently of the parental geno-
types, allowing both Mendelian consistent and inconsistent errors. We simu-
lated true and spurious SNPs in 10 trios, and systematically varied genotype
quality, the proportion of missing data, and MAF. MendelChecker can correctly
assign sex-linkage under almost all conditions. AUC values for S decrease be-
low 0.9 only when the proportion of missing data exceeds 0.7 or the MAF is
0.01 (Figure 3.3). As expected, as genotype quality decreases and the propor-
tion of missing data increases, M increases for spurious SNPs, indicating lower
probability of detecting Mendelian errors (Figure 3.3A-F). AUC values for M
stay above 0.98 for medium genotype qualities but drop to 0.81 for low quality
genotypes (Figure 3.3C). Missing data has a larger impact on the performance
of MendelChecker; our ability to detect a Mendelian error decreases with the
proportion of missing data, with AUC below 0.9 when more than 20% of the
individuals have missing genotypes (Figure 3.3F). The ability to detect errors is
low for SNPs with MAF<0.05 because most individuals are homozygous for the
major allele, resulting in few Mendelian inconsistent errors (Figure 3.3G-I).
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Figure 3.3: The influence of confounding factors on the ability to identify
errors. Here we used a sample of 10 parent-offspring trios and simulated 10,000
SNPs with no errors and 10,000 SNPs with error. The left column shows M
values for spurious SNPs, the middle column plots AUC values for S , and the
right column shows AUC values for M. Note that higher M values for spurious
sites indicates a decreased power to detect error. (A-C) Genotype quality has a
minimal effect on the performance of MendelChecker. (D-F) As the proportion
of missing data increases, the ability to assign sex-linkage and detect spurious
sites decreases. (G-I) MendelChecker has decreased performance for SNPs with
very low MAF (<0.1). The AUC for M drops below 0.9 only for low quality
genotypes, greater than 20% missing data, or MAF<0.1.
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After characterizing the influence of Mendelian errors as well as data
quality and missingness on both S and M, we assessed the performance of
MendelChecker for different sampling schemes. The power to assign sex-
linkage and detect error increases as we sample more trios (Figure 3.4AB). Sex-
linkage assignment is accurate (AUC>0.9) with a sample size of 4 trios when
MAF=0.25 (Figure 3.4A). The AUC for M exceeds 0.90 with just 10 trios for
SNPs with MAF=0.25 (Figure 3.4B). More trios (25) are needed to achieve an
AUC>0.90 for rare SNPs (MAF=0.05; Figure 3.4AB). Given a set number of trios,
we tested whether it is better to sample more families with fewer offspring each
or fewer families with more offspring each. We simulated several possible fam-
ily configurations when sampling 10 trios and found that it is more advanta-
geous to sample multiple smaller families (Figure 3.4CD). In all cases, missing
one parent decreases the AUC for M, though, as expected, performance of the
sex-linkage assignment is lower only if the heterogametic parent is missing.
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Figure 3.4: The influence of sampling scheme on the ability to identify spu-
rious variant sites based on Mendelian errors. Here, lines indicate whether
both parents or only one parent is sampled, and the points indicate the MAF of
the SNPs. (A-B) The power to assign sex-linkage and identify spurious SNPs
increases as the number of sampled parent-offspring trios increases. (C-D) The
configuration of the families also affects power. Given a set number of trios,
AUC values are higher for a sample of 10 families with 1 offspring each com-
pared to a sample of a single family with 10 offspring. Sampling more founders
increases the probability of sampling informative trios. As expected, perfor-
mance of MendelChecker is lower when only one parent is sampled.
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3.4.2 Real data analyses:
We tested the performance of our method on GBS data collected from 103
Florida Scrub-Jays in 27 nuclear families. Illumina sequencing produced a total
of 935,765,768 reads, of which 814,341,664 contained a unique barcode and min-
imal adapter sequence contamination. Our custom pipeline identified 266,806
biallelic SNPs. Distributions of various quality metrics for the full SNP set can
be found in Figure B.2. However, after filtering on individual genotype qual-
ity and overall per-site quality, only 20,347 SNPs were genotyped in >80% of
our individuals. Of these SNPs, 11,758 passed our Mendelian inheritance filter
(M>-10), 19,241 passed a HWE test (p>0.001), and 10,855 passed both filters. In
this case, M is a more conservative filter: 43.6% of the SNPs that pass the HWE
test fail MendelChecker at this threshold for M. Applying a HWE filter after
filtering based on M eliminates 7.7% of the Mendelian SNPs, all of which have
MAF>0.07 (Figure B.3). MendelChecker is a more powerful filter than HWE for
rare variants, but HWE performs better for sites with high MAF (Figure 3.5).
At high MAF, the probability of two heterozygous parents increases, which in
turn decreases the probability an error can be detected as a Mendelian inconsis-
tency. For a biallelic site, two heterozygous parents can produce offspring with
all four genotype configurations; therefore only errors that introduce a novel al-
lele would be inconsistent with Mendelian inheritance patterns. It is important
to consider different models of inheritance: 62.2% of putative sex-linked SNPs
would have failed the Mendelian inheritance test under an autosomal model of
transmission.
74
0.0 0.1 0.2 0.3 0.4 0.5
0
.0
0
.2
0
.4
0
.6
0
.8
1
.0
MAF
p
a
s
s
 r
a
te
HWE
Mendel
HWE + Mendel
Figure 3.5: The proportion of SNPs with different MAFs that pass different
QC filters. The HWE test (black) has low power to reject the null for SNPs with
MAF<0.3. Mendelian inheritance (red) can filter out low frequency variants
but loses power for variants with high MAF. At high MAF, the probability that
both parents are heterozygous increases, and fewer errors can be detected as
Mendelian inconsistencies. A combination of HWE and Mendelian inheritance
tests (blue) can filter erroneous SNPs of all MAF. Comparison of pass rates as a
function of MAF shows the complementary nature of the two filters.
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We validated the genotype calls for 96 individuals at 1,160 SNPs using cus-
tom Illumina iSelect Beadchips. Mean genotype concordance is high (98.2%),
and only 5.9% of these SNPs have genotype concordances lower than 95%.
These SNPs are all high quality (QD>5, MQ>35, <20% missing data), consistent
with HWE, and have relatively high M scores (M>-10). If we consider only the
686 SNPs with M>0, mean concordance increases to 98.7%, and the percentage
of SNPs with concordance values below 95% drops to 3.2%. We acknowledge
that an ideal validation experiment would have included low-quality SNPs.
However, the high concordance of our validation set indicates that the cov-
erage, HWE, and Mendelian inheritance filters we applied were successful in
eliminating spurious sites.
Using alignment to the Zebra Finch genome, we were able to reliably assign
putative chromosome locations to 7,744 of the 10,855 SNPs that passed all filters,
with a minimum of 33 SNPs on every chromosome except Chromosome 16. The
posterior probability of sex-linkage proved to be a reliable classifier: <0.2% of
autosomal SNPs and 59% of Z-linked SNPs were classified as sex-linked (Fig-
ure 3.6) with an AUC of 0.85. Note that not all genotype configurations have
different sex-linked and autosomal patterns of transmission, so it is not possible
to identify all sex-linked SNPs based on a finite number of pedigrees. We sus-
pect that the nine autosomal SNPs with high probabilities of sex-linkage could
have been aligned to the wrong chromosome.
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Figure 3.6: Assessment of our ability to assign sex-linkage. (A) Box-plots of
the posterior probability of sex-linkage for SNPs on each chromosome. (B) The
proportion of SNPs on each chromosome classified as sex-linked. Because not
all genotype configurations have different autosomal and sex-linked transmis-
sion probabilities in our sample set, we do not expect to be able to classify all
SNPs on the Z chromosome as sex-linked.
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3.5 Discussion
GBS has become a popular approach for a myriad of ecological and evolutionary
studies, but more advanced methods are required for quality control of SNP
discovery using GBS, especially since GBS genotype calls are rarely validated.
Here we present a novel framework for filtering spurious GBS loci based on a
quantitative assessment of Mendelian errors in nuclear families and evaluate
the performance of our method using simulated and real data. This is one of the
few GBS studies to date to validate genotype calls using a different genotyping
platform. MendelChecker assigns each site a probability of being sex-linked, S ,
and a quantitative score of Mendelian consistency, M. Users can use S to classify
each site as putatively autosomal or sex-linked before ranking SNPs with the
appropriate M score and specifying a threshold to identify spurious sites.
To obtain the highest quality set of SNP calls, we recommend combining
M with other widely-used quality control measures, such as coverage and
Hardy-Weinberg filters. Our simulations show that our power to detect a single
Mendelian error decreases as the information content of the genotype data de-
creases. The ability to detect spurious sites is relatively poor (AUC<0.9) when
all genotypes have low quality or when the proportion of missing genotypes is
greater than 0.2. Many previous GBS studies routinely filter out sites with low
quality or >20% missing data. Applying these standard genotype quality and
coverage filters will remove sites with low information content. In analyzing
GBS data collected from 103 Florida Scrub-Jays, we show that MendelChecker
and HWE are complementary tests (Figure 3.5). A significant advantage of our
method is that it can detect errors in rare variants, whereas HWE has low power
to reject SNPs with low MAF. The performance of Mendelchecker is lower at
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high MAF, in part because the probability of detecting a genotyping error as a
Mendelian inconsistency is greater when the MAF is below 0.5 (Douglas et al.
2002). The fact that Mendelian inheritance patterns can provide no information
about the validity of the SNP if both parents are heterozygous can be problem-
atic when trying to identify spurious SNPs generated by collapsed paralogs: if
every individual is heterozygous at a site, MendelChecker will assign it a high
M score. Therefore, we recommend filtering based on both Mendelian inheri-
tance and Hardy-Weinberg to remove spurious sites at all MAF.
The genomic locations of GBS loci are unknown in organisms without a
closely related reference genome, and sex-linked loci are often of special inter-
est. For instance, rates of evolution differ between sex chromosomes and auto-
somes, and sex-linked genes are thought to play an important role in speciation
(Charlesworth et al. 1987; Presgraves 2008; Qvarnstro¨m and Bailey 2009). Thus
the ability to classify SNPs as putatively autosomal or sex-linked expands the
scope of questions that can be answered with GBS data. In addition to assessing
Mendelian violations, MendelChecker calculates the posterior probability that
a site is sex-linked. Our software can accommodate XY, ZW, and XO sex deter-
mination systems and can accurately assign sex-linkage to simulated and real
SNPs. The transmission probabilities of some sex-linked SNPs differ from those
of autosomal SNPs; therefore, assuming an autosomal pattern of inheritance for
all loci may lead one to discard perfectly valid sex-linked SNPs. However, not
all genotype configurations have different sex-linked and autosomal patterns
of transmission, so MendelChecker does not have the ability to identify all sex-
linked SNPs given finite numbers of pedigrees. For example, in organisms with
pseudoautosomal regions, SNPs in those regions cannot be distinguished from
autosomal SNPs. Future versions of MendelChecker could incorporate tests for
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other markers with unusual inheritance patterns, such as mitochondrial DNA
or chloroplast DNA.
Despite additional difficulty in obtaining pedigree data, sampling pedigrees
has many advantages beyond improving SNP discovery: pedigrees are key to
answering several fundamental questions in evolutionary biology (Kruuk and
Hill 2008; Pemberton 2008). Pedigree information can be obtained by perform-
ing crosses, observing mating or parental care in captive or wild populations,
or by collecting gravid females (Pemberton 2008). Several software programs
to assign parentage based on highly variable genetic markers have been de-
veloped (reviewed in Blouin 2003; Jones and Ardren 2003). Of course, not all
GBS experiments will consist solely of family groups. For experiments that re-
quire sampling multiple unrelated individuals, the inclusion of just four parent-
offspring trios is sufficient to allow some filtering based on Mendelian inheri-
tance for SNPs with MAF>0.05 (AUC>0.80). In this case, the multiple unrelated
individuals can be used to estimate population allele frequencies, and SNPs can
be filtered based on inheritance patterns in the included nuclear families. For
a given sample size, there is a trade-off between sampling families and sam-
pling additional unrelated individuals, but the advantage of obtaining a more
accurate set of variant calls may be worth the slightly decreased sample size.
Currently, MendelChecker only considers nuclear families. Extended pedi-
grees can be broken into several separate nuclear families. While linkage map
construction benefits greatly from multigenerational families, nuclear families
are sufficient for identifying spurious SNPs based on Mendelian violations.
Power to identify spurious SNPs based on Mendelian inheritance increases as
more parent-offspring trios (meioses) are sampled. This is consistent with previ-
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ous work showing that genotyping additional siblings in a family increases the
genotyping error detection rate by 10-13%, depending on the allele frequencies
of the variant (Gordon et al. 2000). Given a set number of trios, our simulations
showed improved performance when multiple smaller families were sampled
instead of fewer large families. Including more pairs of parents increases the
probability of sampling informative parental genotype combinations.
Although the MendelChecker framework assumes accurate pedigrees, one
can sum the pedigree likelihoods over all or a subset of high-confidence SNPs
in order to identify pedigrees with disproportionally high rates of Mendelian
error or to test alternative pedigrees. This alternative use of MendelChecker
can prove especially useful in organisms for which parental assignments are
uncertain, e.g., birds with extra-pair paternity. However, the primary goal of
MendelChecker is to identify high quality sites. Given a set of high-quality
genotypes, other software packages exist for identifying potential pedigree er-
rors (e.g., PedCheck, O’Connell and Weeks 1998; RELPAIR, Epstein et al. 2000;
PLINK, Purcell et al. 2007).
There are a number of well-developed applications for de novo analysis of
GBS data, such as Stacks (Catchen et al. 2011), Peterson’s ddRAD pipeline (Pe-
terson et al. 2012), UNEAK (Lu et al. 2013), RApiD (Willing et al. 2011), pyRAD
(Eaton 2014), RADtools (Baxter et al. 2011), and Rainbow (Chong et al. 2012). We
developed a custom pipeline for additional flexibility and full control over the
parameters at each step of the process. Compared to UNEAK, the most widely-
used reference-free pipeline designed specifically for the Elshire et al. (2011) GBS
method, our pipeline is less conservative when creating clusters and therefore
more appropriate for systems with higher nucleotide diversity. MendelChecker
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is compatible with any pipeline that provides posterior genotype probabilities.
In conclusion, we have designed a flexible quantitative test for Mendelian
inheritance that propagates genotype uncertainty, accommodates missing data,
is powerful for rare variants, and distinguishes between autosomal and sex-
linked SNPs. We recognize that including families in population-scale datasets
may require additional effort; however, we argue that future studies would ben-
efit from including a subsample of nuclear pedigrees when possible because
filtering based on Mendelian inheritance will result in a more accurate set of
variant sites. Performance of MendelChecker increases as more meioses and
more families are sampled, but the inclusion of 10 trios is sufficient for high per-
formance (AUC>0.90). MendelChecker provides a statistical test for Mendelian
errors and identifies sex-linked loci, making it a valuable tool for researchers
using GBS data to explore ecological and evolutionary questions.
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CHAPTER 4
REGIONAL POPULATION DECLINE IS ASSOCIATED WITH
INBREEDING AND HATCH FAILURE IN THE FLORIDA SCRUB-JAY
4.1 Abstract
The population genetic consequences of declining population size are well de-
scribed theoretically, but thorough empirical studies that disentangle the rel-
ative impacts of different evolutionary forces at a genome-wide scale in the
wild are scarce because they demand huge field and laboratory investments.
Analysis of time-series data instead of a single sampling time point can pro-
vide a more complete picture of the evolutionary processes influencing levels
of genetic variation in a population. We characterized changes in genetic di-
versity over 23 years in the federally threatened Florida Scrub-Jay (Aphelocoma
coerulescens), which has declined in number by at least 97% during the past 100
years, and by nearly 50% over the past 20 years. A population of Florida Scrub-
Jays at Archbold Biological Station has been studied intensively since 1969, re-
sulting in detailed phenotypic and demographic data from thousands of pedi-
greed individuals. We used custom Illumina iSelect Beadchips to genotype ev-
ery nestling and immigrant recruited in our study population from 1988-1995
and 1999-2013 at 7,404 autosomal SNPs in approximate linkage equilibrium.
Although our study population has remained stable in size through time, the
decreasing proportion of breeders that are immigrants over time is correlated
with an increasing mean inbreeding coefficient of the birth cohort. We find evi-
dence for inbreeding among resident breeding pairs but not resident-immigrant
pairs. Increasing relatedness among breeders has negative fitness consequences:
observed patterns of hatching failure are best explained by levels of Identity-by-
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Descent (IBD) sharing between parents. This study is one of the most detailed
longitudinal investigations of genetics in a wild population to date, and the
fine-scale calibration of impacts of declining population size will have signifi-
cant management consequences.
4.2 Introduction
Unprecedented numbers of species are undergoing severe population declines
worldwide, yet many details of the eco-evolutionary responses to population
decline remain poorly characterized in wild species (Kohn et al. 2006). A major
cause of population declines worldwide is human-mediated habitat fragmen-
tation (Henle et al. 2004). Increased isolation of natural populations can lead
to lower gene flow among populations and consequently decreased genetic di-
versity (Young et al. 1996). The prevalence of habitat fragmentation means that
many natural populations exist as metapopulations, and investigations of the
genetic consequences of population size fluctuations need to account for gene
flow (Keller et al. 2001).
A number of studies have demonstrated the importance of gene flow in in-
troducing genetic variation to small populations or governing genetic differen-
tiation among subpopulations. Empirical support exists for rapid and substan-
tial losses in fitness after the cessation of gene flow (Hogg et al. 2006). In small
populations, a single immigrant can restore genetic variation originally lost to
drift and reduce levels of inbreeding (Ingvarsson 2001). This phenomenon has
been termed “genetic rescue” (Ingvarsson 2001). Even modest rates of immi-
gration can lead to significant outbreeding and population growth (Vila` et al.
2003) as well as rapid restoration of genetic diversity after a population bottle-
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neck (Keller et al. 2001). Genetic rescue has been documented in several popu-
lations (classic examples include Prairie Chickens, Bighorn Sheep, and Florida
panthers), but the beneficial effects may be short-lived and/or masked by en-
vironmental conditions (Adams et al. 2011). Population viability analyses and
conservation management plans should aim for long-term genetic restoration
(Adams et al. 2011). However, longitudinal studies of genetic diversity in a sin-
gle population through time remain rare (Vila` et al. 2003; Kaeuffer et al. 2007),
and few studies have documented both genetic and fitness consequences of de-
creased immigration through time in a natural population.
We investigated temporal changes in immigration rate and inbreeding in
a long-studied population of Florida Scrub-Jays (Aphelocoma coerulescens; here-
after FSJ). In the past century, FSJs have faced drastic population declines caused
by human-mediated habitat loss and destruction, and the geographic distribu-
tion of the FSJ is now highly fragmented across its ancestral range (Woolfenden
and Fitzpatrick 1996). The FSJ population in the immediate area of our study site
has remained stable because of outstanding habitat management of the local en-
vironment. However, our study population is nested within a larger metapop-
ulation (Coulon et al. 2008; Stith et al. 1996). The surrounding regional popu-
lation continues to undergo drastic declines in available habitat and numbers
of jays, and extirpations of small subpopulations have been documented in the
past decade. In 1992-1993, a comprehensive survey of the FSJ concluded that
the FSJ had declined in number by 25-50% in the past decade alone (Fitzpatrick
et al. 1994). A recent statewide survey in 2010 estimates a minimum decline of
35-40% since the 1992-1993 survey (Boughton and Bowman 2011).
Archived blood samples of FSJs in our population from 1988 to the present
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allow us to test whether recent regional population declines have resulted in
decreased immigration rates and a subsequent loss of genetic diversity despite
the demographic stability of our study population. Here, we examine changes
in immigration rate, heterozygosity, and inbreeding over a 23-year period. As
hatching failure is a common consequence of inbreeding in birds (Bensch et al.
1994), we also investigate the relationship between parental relatedness and
hatching failure.
4.3 Methods
4.3.1 Study population
The FSJ is a Federally Threatened bird restricted to the xeric scrub habitat
unique to the Florida peninsula. A population of FSJs at Archbold Biolog-
ical Station (Highlands County, FL) has been intensively studied since 1969
(Woolfenden and Fitzpatrick 1984; Woolfenden and Fitzpatrick 1991). Every
individual in the study population has been uniquely banded, allowing docu-
mentation of new immigrants each year. Because FSJs are genetically monoga-
mous (Quinn et al. 1999; Townsend et al. 2011), accurate pedigrees can be con-
structed from field observations alone. All nests of all family-groups are moni-
tored (clutch sizes, nestlings, and fledglings), producing fully documented an-
nual fecundity and fitness measures for all breeding birds. We have blood sam-
ples for every nestling and immigrant recruited into the study population in
1989-1991, 1995, and from 1999 to the present.
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4.3.2 SNP discovery and Beadchip design
A set of genome-wide single nucleotide polymorphisms (SNPs) was discov-
ered in the FSJ using genotyping-by-sequencing (GBS) of 103 individuals in
27 nuclear families from 1989 and 2008 (Chen et al. 2014). We sampled indi-
viduals from these two different time periods to help minimize ascertainment
bias. SNPs were called using both a custom reference-free pipeline (described
in Chen et al. 2014) and a reference-based pipeline. For the reference-based
pipeline, demultiplexed and adapter-trimmed reads were aligned to the draft
FSJ genome (Chen et al. in prep) using BWA (Li and Durbin 2009). We used
Picard tools (http://picard.sourceforge.net) to sort and merge the individual
BAM files before indel realignment and variant calling using GATK (DePristo
et al. 2011). Because the length of flanking sequence required for Illumina iSelect
Beadchip assays (50-60 bp on either side) is greater than the GBS read lengths,
we could only use SNPs that could be aligned to the FSJ genome. SNPs called
using the reference-free pipeline were mapped to the FSJ genome using BWA,
and the two sets of SNP calls combined based on their physical location. After
thinning to one SNP per 100 bp window, there were 41,853 SNPs. Summary
statistics for all SNPs were calculated using custom Perl scripts or VCFtools
(Danecek et al. 2011), and a quantitative score of Mendelian inheritance was as-
signed using MendelChecker (Chen et al. 2014).
We used a number of criteria when designing custom Illumina iSelect Bead-
chips. First, we filtered out all sites with low mapping quality or read depth
(MQ<35, QD<2), high levels of missing data (>8%), excess heterozygosity
(>75%), low minor allele frequency (MAF<0.02), or low Mendelian inheritance
scores (M<-20). We removed SNPs that were fewer than 50 bp from the end of
88
a scaffold or had more than 2 alleles. Flanking sequences for each SNP assay
were derived from the draft FSJ genome. We checked for repetitive elements
in the flanking sequences using RepeatMasker (http://www.repeatmasker.org)
and removed any sites near repetitive elements. The remaining 19,087 SNPs
were submitted to Illumina’s Assay Design Tool for evaluation. Each SNP was
assigned a score that represents the expected success rate of the assay. The final
20k Beadchip design consisted of 17,628 SNPs, each with a minimum score of
0.781 and MAF>0.0223. The number of SNPs remaining after each filtering step
are shown in Table C.1.
Custom iSelect Beadchips were manufactured by Illumina, and assay design
was successful for 15,416 SNPs. Putative chromosomal locations of SNPs were
assigned by aligning the FSJ genomic scaffolds to the Zebra Finch genome using
standalone BLAST (Camacho et al. 2009) and picking the best BLAST hit. Given
the high degree of synteny among extant bird lineages (Ellegren 2010), we are
confident that these SNPs are distributed across the genome (Figure 4.1).
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Figure 4.1: Putative chromosome locations of our genome-wide SNPs. Pu-
tative genomic location was determined by aligning reads to FSJ genome scaf-
folds, which were aligned to the Zebra Finch genome. Here we show the num-
ber of SNPs aligned to each Zebra Finch chromosome. TguUn contains scaffolds
that were not successfully assigned to a chromosome.
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4.3.3 Genotyping
Historically, genomic DNA has been extracted from blood samples stored in
lysis buffer using a variety of methods, including phenol-chloroform protocols
and Qiagen or E-Z DNA extraction kits. For the archived DNA samples that
were low in concentration, we re-extracted genomic DNA from blood samples
using the Qiagen DNeasy kit. DNA samples from different years were mixed
in a semi-randomized order on 96-well plates to minimize any batch effects. A
total of 4,032 samples was genotyped with the custom BeadChips at Geneseek,
Inc. (Lincoln, NE), representing 3,984 unique individuals. For positive controls,
1 individual was genotyped 42 times and 7 individuals were genotyped twice.
Genotyping results were analyzed using GenomeStudio (Illumina, San
Diego). After excluding SNPs with Gentrain scores < 0.7 and call rates < 90%
as well as samples with call rate < 95%, a set of 14,151 SNPs in 3,770 individu-
als was exported to PLINK format. Reproducibility between duplicate samples
was high (>98%). We checked for Mendelian inconsistencies using PLINK v1.07
(Purcell et al. 2007) and PedCheck (O’Connell and Weeks 1998), and removed
192 individuals and 99 SNPs with high Mendelian error rates. To obtain unbi-
ased estimates of genetic diversity and relatedness in this study, we wanted only
autosomal SNPs in approximate linkage equilibrium. We excluded 365 SNPs on
the Z chromosome because sex-linked SNPs would skew our estimates of mean
heterozygosity. We pruned SNPs in high linkage disequilibrium (LD) using the
PLINK option –indep 50 5 2. Our final cleaned and LD-pruned genotype data
set consisted of 7,404 autosomal SNPs in approximate linkage equilibrium in
3,578 individuals. We have near-complete sampling of all nestlings from 1991,
1995, and 1999-2013 and all breeders from 1990-1991 and 2003-2013 (Figure 4.2).
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Figure 4.2: The number of breeding adults and nestlings born in the study
tract each year from 1990-2013. Gray bars indicate the total number of individ-
uals, and blue bars indicate the number of individuals that were genotyped. We
have genotypes for >75% of all breeders and nestlings in 1991 and 2003-2013.
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4.3.4 Population genetic analyses
Because the area of the study tract and therefore the number of monitored FSJ
territories were purposely expanded during the late 1980s, we restrict our anal-
yses to a core set of 48-77 territories from 1990 onwards. We classify a breeder as
an immigrant if it was known to be born outside the core tract. The genealogical
relationships obtained from field observations were checked for consistency and
separated into component pedigrees using the program MORGAN (Thompson
1994). Pedigree-based inbreeding coefficients were calculated for each individ-
ual using the program PedigreeViewer. For each breeder and nestling in each
year for which we had >50 individuals genotyped, we estimated individual in-
breeding coefficients from our genomic data using PLINK (option –het). Mean
site-based observed heterozygosity for each individual was calculated as the
number of heterozygous loci divided by the total number of loci genotyped in
that individual. Mean pairwise Identity-by-Descent (IBD) between all possible
male-female pairs or mated pairs for each year was calculated with the PLINK
option –genome. A breeding pair was classified as “immigrant” if at least one
of the breeders was born outside the study tract and “resident” if both breeders
were born within the study tract. All statistical analyses were performed in the
R statistical package (R Core Team 2013).
4.3.5 Correlations with fitness components
We tested for a relationship between pairwise IBD of mated pairs and two
proxies for fitness: clutch size and hatch failure. We obtained clutch size and
hatching success from 604 nests with genotyped parents from 1990-2013. An
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egg was considered a hatching failure if it remained unpipped more than 5
days after the other eggs had hatched. Nests that were depredated or aban-
doned less than three days after the eggs hatched were excluded from this
analysis. We only included the first clutch that hatched for each pair within
a year. From the long-term demographic data, we obtained measures of
breeding density per year, the breeding age of the female, and the date each
clutch was completed. As the area of the core study tract remained approx-
imately constant through time, we used the number of territories each year
as a proxy for breeding density. We determined whether a given pair had
previously bred together, versus the nest being their first breeding attempt.
Pairwise IBD of each breeding pair was calculated from the genomic data us-
ing PLINK. Daily rainfall in inches and drought index data were obtained
from the Archbold Biological Station weather station (http://www.archbold-
station.org/station/html/datapub/data/data.html). Drought index is a num-
ber from 0 to 800, with 0 indicating no drought and 800 indicating maximum
drought. We considered mean rainfall and drought index in the breeding sea-
son (March-May).
We used generalized linear mixed models as implemented in glmer from
the lme4 package in R (Bates et al. 2004). We fit logistic regression models for
hatching failure, coding the number of unhatched eggs as the number of fail-
ures and the number of hatched eggs as the number of successes. Any eggs
that were depredated before hatch were not counted. Clutch size was analyzed
using linear mixed models. For each dependent variable, we first determined
which independent variables (density, rainfall, drought index, pair experience,
female age, lay date, and pairwise IBD value) were important by fitting mod-
els for each independent variable separately as a fixed effect and the identity of
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the pair (coded as the male and female US Fish & Wildlife Service numbers) as
a random effect. Then, we constructed models for all combinations of signifi-
cant predictors and performed model selection using the corrected second order
Akaike information criterion, AICc, which takes into account sample size.
4.4 Results
4.4.1 Decreased migration through time
The number of new immigrants arriving in our study population ranged from 3
to 24 each year, and the proportion of breeders that are new immigrants ranged
from 0.02 to 0.21. The proportion of total immigrant breeders in any given year
ranged from 0.29 to 0.58. Both the proportion of new immigrants (adjusted R2
= 0.4211, p = 0.0003606) and the proportion of total immigrants (adjusted R2 =
0.85, p = 9.577e-11) in the breeding population declined during the course of our
study period (Figure 4.3).
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Figure 4.3: Immigration into Archbold is decreasing. (A) The proportion of
breeders that are new immigrants each year is declining (adjusted R2 = 0. 4211,
p = 0.0003606). (B) The proportion of breeders that were immigrants each year
is declining (adjusted R2 = 0.85, p = 9.577e-11).
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4.4.2 Population genetic consequences of immigration
We genotyped 3,578 individuals in our study population through time at 7,404
autosomal SNPs in approximate linkage equilibrium. To investigate the genetic
contribution of immigrants to the population, we used PLINK to estimate in-
dividual inbreeding coefficients and mean observed heterozygosity as well as
pairwise IBD values. We compared inbreeding coefficients estimated from the
genomic data with those estimated from the pedigree, and the two measures
were significantly correlated (Pearson’s r = 0.733982, p < 2.2e-16). Because the
pedigree-based estimates are actually expected inbreeding coefficients, we in-
clude only SNP-based estimates in the analyses below.
We used linear regressions to test for directional changes in inbreeding lev-
els or mean pairwise IBD sharing through time. Immigrant breeders had signif-
icantly lower levels of observed heterozygosity compared to resident breeders
(Wilcoxon rank sum test, p < 2.2e-16; Figure 4.4). Breeding pairs with at least
one immigrant had lower IBD sharing than breeding pairs with two residents
(Wilcoxon rank sum test, p = 0.0001949; Figure 4.5). Genetic similarity of all
breeders, as measured by the mean pairwise IBD between all possible pairwise
male-female combinations, increased through time (adjusted R2 = 0. 3166, p =
0.00577). Pairwise IBD between all observed pairs increased with time (adjusted
R2 = 0.4819, p = 0.000412).
Mean inbreeding of the birth cohort is negatively correlated with the pro-
portion of breeders that are immigrants (adjusted R2 = 0.3013, p = 0.01318; Fig-
ure 4.6A). Linear regression analysis shows that mean inbreeding of the birth
cohort increased through time (adjusted R2= 0.3019, p=0.01308; Figure 4.6B).
In 2009-2012, nestlings with two resident parents had significantly higher
97
mean inbreeding coefficients than nestlings with at least one immigrant parent
(Wilcoxon rank sum tests, p < 0.05).
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Figure 4.4: Mean genome-wide observed heterozygosity for immigrant and
resident breeders from 1990-2013. Only years with more than 50 genotyped
breeders are included. Immigrant breeders have lower observed heterozygosity
compared to resident breeders (p < 2.2e-16).
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Figure 4.5: Relatedness among breeding pairs through time. This figure shows
the proportion of IBD sharing between all possible male-female pairs (green),
observed immigrant pairs (yellow), and observed resident pairs (blue) for each
year with more than 50 genotyped breeders. Breeding pairs with at least one
migrant are less related compared to pairs consisting of two residents (p =
0.0001949). In recent years, the proportion of IBD sharing between resident
breeders is higher than expected.
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Figure 4.6: Decreasing immigration is correlated with increasing inbreeding.
(A) Relationship between the proportion of immigrant breeders in the popu-
lation and mean inbreeding coefficient of the birth cohort. Mean inbreeding
of the nestlings born in a given year is negatively correlated with the propor-
tion of breeders that are immigrants (adjusted R2 = 0.3013, p = 0.01318). (B)
Mean inbreeding coefficient of all nestlings (green), nestlings with at least one
immigrant parent (yellow), and nestlings with two resident parents (blue) for
each year. Overall, mean inbreeding coefficient in the birth cohort is increas-
ing through time (adjusted R2 = 0.3019, p = 0.01308). Nestlings with immigrant
parents are less inbred than nestlings with resident parents in 2009-2012.
101
4.4.3 Fitness consequences of increased IBD
We assessed the relationship between pairwise IBD sharing between mated
pairs and hatch failure or clutch size. Of the 603 nests we considered, 150 had
at least one egg that failed to hatch (33%). Out of 2,034 eggs, 184 (9%) failed to
hatch. The proportion of eggs that failed to hatch in a given year varied from 0
to 0.13. The only independent variable that significantly correlated with hatch
failure was pairwise IBD of the parents (Figure 4.7). Clutch size varied from
2 to 5, with a mean of 3.5. For clutch size, lay date, breeding density, drought
index, breeding experience, and female age were all significant predictors, but
the only variables shared across the top four models were lay date and density
(Table 4.1). We found no genetic correlations with clutch size.
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Figure 4.7: Relatedness of parents predicts hatching failure. The breeding
pair for nests with at least one unhatched egg has higher IBD values than the
breeding pair for nests with no hatch failure.
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Table 4.1: Model results from an analysis of factors involved in explaining
clutch size in the FSJ from 1990-2013. Here, df is the number of parameters
in the model, AICc is the AIC value corrected for small sample size, and ∆AICc
is the difference between the AICc value of the given model and that of the best
model.
Model df AICc ∆AICc
LayDate + Density + DroughtIndex + Experience 5 1192.728 0
LayDate + Density + Experience + femaleAge 6 1193.985 1.257
LayDate + Density + femaleAge 6 1196.304 3.576
LayDate + Density + DroughtIndex + femaleAge 7 1197.35 4.622
LayDate 4 1198.687 5.959
LayDate + DroughtIndex 6 1200.222 7.494
LayDate + Experience 5 1200.608 7.88
LayDate + Density 5 1201.231 8.503
LayDate + Density + DroughtIndex + Experience + femaleAge 7 1201.545 8.817
LayDate + DroughtIndex + Experience 5 1202.056 9.328
LayDate + femaleAge 6 1202.885 10.157
LayDate + Density + DroughtIndex 6 1204.398 11.67
LayDate + DroughtIndex + Experience + femaleAge 7 1204.465 11.737
LayDate + Density + Experience 8 1205.553 12.825
LayDate + Experience + femaleAge 6 1205.723 12.995
LayDate + DroughtIndex + femaleAge 7 1207.798 15.07
Density + Experience 5 1214.875 22.147
Experience 4 1215.527 22.799
Density 4 1216.92 24.192
Density + DroughtIndex + Experience 6 1219.388 26.66
DroughtIndex + Experience 5 1220.568 27.84
femaleAge 4 1220.587 27.859
Density + femaleAge 5 1220.827 28.099
Experience + femaleAge 5 1221.38 28.652
Density + Experience + femaleAge 6 1222.042 29.314
Density + DroughtIndex 5 1222.266 29.538
DroughtIndex 4 1225.144 32.416
Density + DroughtIndex + femaleAge 6 1225.945 33.217
DroughtIndex + femaleAge 5 1226.266 33.538
DroughtIndex + Experience + femaleAge 6 1226.444 33.716
Density + DroughtIndex + Experience + femaleAge 7 1226.561 33.833
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4.5 Discussion
Our study population has remained approximately stable in number for
decades, yet its proportion of both new and total immigrant breeders has de-
clined through time, presumably reflecting regional habitat loss over this pe-
riod. The surprisingly high proportion of breeders that are immigrants indi-
cates that our study population is nested within a larger metapopulation. We
found that immigrants were significantly less heterozygous compared to resi-
dents, and we suggest two possible explanations for this pattern that are not
mutually exclusive. First, immigrants to the Archbold population could tend
to include individuals originating from smaller, more isolated, and presum-
ably more inbred populations. Second, individuals who disperse from other
populations could have lower heterozygosity compared to individuals who do
not disperse because of some behavioral correlation. Thorough sampling of
regional populations, and closer scrutiny of individual behavior and heterozy-
gosity levels within our population, will perhaps help disentangle these two hy-
potheses. Regardless of the causes of lower genetic diversity within immigrant
individuals, our results provide evidence for the importance of immigrants in
contributing novel genetic variation to the population over time. Specifically,
immigrant-resident pairs have lower than expected IBD sharing given overall
levels of relatedness among all breeders, and we find evidence of inbreeding
in resident-only pairs. Mean IBD sharing between pairs and mean inbreeding
coefficient of the birth cohort have been increasing with time.
Preliminary analyses of our study population show that inbred individuals
had significantly lower reproductive success (measured by total fledglings pro-
duced) than did the pool of outbred individuals (Mann-Whitney U, p = 0.004;
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Chen et al. unpubl. data). Negative fitness consequences of inbreeding should
lead to the evolution of inbreeding avoidance mechanisms, which could hap-
pen via disassortative mate choice based on relatedness or dispersal (Pusey and
Wolf 1996). Levels of IBD sharing between observed resident-resident breeding
pairs is higher than expected in most years, whereas IBD sharing observed be-
tween resident-immigrant pairs is lower than expected. These results suggest
that there likely is no mate choice based on genetic similarity, but there could
be inbreeding avoidance via natal dispersal in this population. Direct tests for
assortative mating could be carried out using the available genotype and demo-
graphic data. This analysis is in progress.
Mean inbreeding coefficient for nestlings with resident parents increased
from 0.004 in 2008 to 0.025 in 2009. During the autumn of 2008, the study popu-
lation experienced one of the highest recorded monthly breeder mortality rates
since 1969 (Figure 4.8). Screening of 76 FSJ blood samples revealed 75% preva-
lence of Eastern Equine Encephalitis antibodies, and birds that died had poor
body condition (Wilcoxen et al. 2010). That year, environmental conditions were
suitable for high mosquito densities, and both high levels of local encephalitis
and no increases in densities of known predators were documented, suggest-
ing a possible role of disease in the high mortality event. We speculate that
the significant increase in inbreeding coefficient for offspring of resident breed-
ers could be an ephemeral signature of the bottleneck event, similar to that ob-
served in Song Sparrows (Keller et al. 2001). However, more work is needed to
fully test this hypothesis. There have been three other high mortality events in
our population (in 1979, 1989, and 1997), but unfortunately two of these events
occurred during the early study tract expansion phase, and we do not have suf-
ficient sampling of the population in 1997.
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Figure 4.8: Annual mortality of breeders and juveniles at Archbold from 1970-
2010. Over this 40-year time span, acute high mortality events putatively caused
by encephalitis disease occurred in 1979, 1989, 1997, and 2008.
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The association between decreased hatching success and increased IBD shar-
ing between parents replicates similar findings in other bird species (Bensch
et al. 1994; Kempenaers et al. 1996; Hansson 2004). Hansson (2004) investigated
marker-based relatedness of parents with additional measures of reproductive
success in Great Reed Warblers and also found no association of relatedness
with clutch size. In the nests we studied, other environmental variables known
to be correlated with hatching failure in birds were not significant predictors.
This result is surprising given that a previous study investigating hatching fail-
ure in an adjacent study population of FSJs found that hatching failure was as-
sociated with rainfall during the breeding season, pair experience, and female
age (Wilcoxen et al. 2011). That study did not consider genetic relatedness be-
tween mated pairs and used a slightly different modeling scheme, but we still
expected to find at least some overlap in contributing factors. We found lay
date, density, drought index, pair experience, and female age were significant
predictors for clutch size, but not hatch failure. However, an important caveat
is that we did not include all possible factors that could explain clutch size or
hatch failure, and results may be different after inclusion of additional relevant
variables (e.g., presence of helpers, rainfall the previous winter, etc.). Here, we
do not distinguish between the two possible causes of hatch failure (infertility
or early embryo mortality), but a study in Zebra Finches suggests that early
embryo death is the more likely outcome of inbreeding depression (Hemmings
et al. 2012). Future work will investigate the impact of inbreeding on other com-
ponents of fitness.
We used a conservative definition of immigrants in this study. Birds that
were born in the South tract, another long-studied set of territories immediately
adjacent to our study tract, were classified as immigrants. Even though we
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included birds from elsewhere in the same population, we still find evidence
for lower IBD sharing between immigrants and residents. South tract birds are
likely to be less related to our core study tract birds because FSJs have short na-
tal dispersal distances (Woolfenden and Fitzpatrick 1984), and we have prelim-
inary evidence of isolation-by-distance within the greater Archbold population.
However, future work should consider the South tract birds separately to more
accurately measure the genetic contribution of birds from different populations
in the region.
In this paper, we focused on SNP-based estimates of inbreeding and IBD
sharing because our pedigree, despite being one of the most extensive pedigrees
for any wild species, does not completely capture all relationships between in-
dividuals in the wild. Any kinship coefficient calculated from the pedigree for
a pair containing a migrant will be zero even if the true kinship coefficient is
higher than zero. However, because we do not have genotypes for every indi-
vidual in our population through time, pedigree-based analyses would provide
a greater sample size. In the future, it will be important to repeat the analyses
above with pedigree-based inbreeding and kinship coefficients and compare re-
sults to those obtained with the SNP-based estimates. In addition, we can boost
our sample size by using the pedigree and available SNPs to impute genotypes
for any individuals that lack genotype data.
IBD estimates in this study were obtained using PLINK’s single-marker IBD
approach, but future work will use more sophisticated programs (e.g., BEA-
GLE; Browning and Browning 2011; ALADIN; Albers et al. 2008) to generate
more accurate estimates of genome-wide IBD sharing between pairs of individ-
uals. We are in the process of generating a dense linkage map, which will allow
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us to infer haplotype blocks in the founders and trace the descent of these ge-
nomic segments down our pedigree. We will compare the frequencies of these
blocks in each generation to distributions obtained from gene-dropping simu-
lations to assess the impact of natural selection and gene flow in maintaining
genetic variation in the population over time. In addition, this study focused
on genome-wide estimates, but the same questions are currently being asked at
the haplotype level. We will trace the fitness impact of novel immigrant alleles
to determine the net importance of immigrants on population genetic diversity.
This analysis will test whether there is a decline in novel genetic variation being
introduced by immigration in different genomic regions.
Here we showed that decreased levels of immigration have led to increased
inbreeding in the Archbold population of FSJ. Previous work has shown that ef-
fective dispersal of FSJs decreases as habitat fragmentation increases (Coulon
et al. 2010). Our results inform conservation management decisions for the
FSJ by placing additional emphasis on the importance of preserving habitat
in a landscape configuration that maintains dispersal. In particular, this study
demonstrates that even small and perhaps inbred populations may play a vital
role in preserving genetic diversity in larger and seemingly stable populations.
We suggest that conservation efforts need to pay particularly close attention to
local population declines, as there can be strong departure from homogeneity
across even nearby populations. This study is an example of how combining
genomic data with demographic and pedigree data from one of the longest-
studied endangered species is a powerful approach to addressing fundamental
questions concerning the population genetic consequences of declining popula-
tion size.
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Figure B.1: Confirmation that pedigree likelihoods can be used to identify
sex-linked sites. We simulated autosomal (pink) and sex-linked (blue) SNPs
with medium to high quality genotypes and 0-20% missing data. For each SNP,
we plot the likelihood of the pedigree under an autosomal model of inheritance
(LA) and the likelihood of the pedigree under a sex-linked model of inheritance
(LS ). The shape of the points indicates the MAF of the simulated SNPs. Autoso-
mal SNPs and sex-linked SNPs have different pedigree likelihoods. Therefore
we can classify SNPs as autosomal or sex-linked based on LA and LS .
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Figure B.2: Distributions of various quality metrics (genotype quality, missing
data, Mendelian inheritance, and Hardy-Weinberg) for unfiltered SNPs discov-
ered using GBS in Florida Scrub-Jays.
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8386 90310855
HWE
Mendel
Figure B.3: Number of high-quality SNPs from the real data that pass a
Hardy-Weinberg test or the Mendelian inheritance filter. SNPs have already
been filtered for quality and proportion of missing data. The Mendelian in-
heritance filter is more rigorous; 44% of the SNPs that pass the HWE test fail
MendelChecker but only 8% of the SNPs that pass MendelChecker fail HWE.
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Table C.1: Number of SNPs after each filtering step during the Beadchip design
process.
Filter Number of remaining SNPs
thinned to 1 SNP per 100 bp window 41,853
QD > 2 40,310
MQ > 35 37,835
MISS < 0.92 27,956
Mendelian score > -20 26,750
MAF > 0.02 22,575
SNP < 50 bp from start 22,569
excess heterozygosity (HWE test) 22,555
remove triallelic SNP or degenerate nt 22,230
Illumina assay score > 0.7 19,209
remove repeats 19,087
Illumina assay score > 0.781 17,856
MAF > 0.0223 17,629
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